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ABSTRACT
Location-aware devices continuously generate massive volumes
of trajectory data, creating demand for e!cient compression. Line
simpli"cation is a common solution but typically assumes 2D tra-
jectories and ignores time synchronization and motion continuity.
We propose PILOT-C, a novel trajectory compression framework
that integrates frequency-domain physics modeling with error-
bounded optimization. Unlike existing line simpli"cation methods,
PILOT-C supports trajectories in arbitrary dimensions, including
3D, by compressing each spatial axis independently. Evaluated on
four real-world datasets, PILOT-C achieves superior performance
across multiple dimensions. In terms of compression ratio, PILOT-C
outperforms CISED-W, the current state-of-the-art SED-based line
simpli"cation algorithm, by an average of 19.2%. For trajectory
"delity, PILOT-C achieves an average of 32.6% reduction in error
compared to CISED-W. Additionally, PILOT-C seamlessly extends to
three-dimensional trajectories while maintaining the same compu-
tational complexity, achieving a 49% improvement in compression
ratios over SQUISH-E, the most e!cient line simpli"cation algo-
rithm on 3D datasets.
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1 INTRODUCTION
The proliferation of location-aware devices (e.g., autonomous ve-
hicles, drones, and IoT sensors) generates massive trajectory data.
Transmitted from devices to servers, this raw data is often too large
and contaminated with noise for e!cient storage or real-time pro-
cessing [10, 18, 26, 28, 29]. Early lossless trajectory compression
methods like delta encoding [9, 28] achieved only modest compres-
sion ratios due to data irregularity, making them unsuitable for real-
time systems. This has shifted focus to lossy compression, which
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(a) Velocity-Time curve
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(b) DCT result

Figure 1: The velocity-time curve of an object moving in
common motion, and the DCT result of the velocity array.
trades accuracy for e!ciency. These lossy methods fall into two
main categories: semantic-driven and geometric-driven approaches.
Semantic-driven methods [12, 13, 30, 32, 37, 38] leverage external
domain knowledge, such as road networks, to enhance compression
ratios. However, their performance is heavily dependent on the
availability and accuracy of such contextual information, which
limits their generalizability and robustness across di#erent domains.

In contrast, geometric-driven methods are knowledge-agnostic,
simpler to implement, and provide error-bounded approximations [7,
8, 10, 20–22, 25, 26]. The most studied are line simpli"cation algo-
rithms [19], which retain only the key points to approximate a
trajectory as a polyline. Techniques like CISED [18] o#er strong
compression under a Synchronized Euclidean Distance (SED) error
bound. However, they have fundamental limitations: 1) They treat
trajectories as geometric curves, ignoring temporal dynamics like
velocity changes. 2) They often retain high-frequency noise (e.g.,
GPS jitter) while failing to preserve meaningful low-frequency mo-
tion patterns. 3) Their average error is often high, distorting the
overall trajectory. 4) They lack storage optimizations, hindering
real-world deployment.

To overcome these challenges, we propose a novel frequency-
domain approach to trajectory compression that fundamentally
di#ers from traditional line simpli"cation. Rather than approxi-
mating a trajectory with fewer points, we model the trajectory as
a multi-dimensional time-series signal and transform it into the
frequency domain using the Discrete Cosine Transform (DCT), a
technique widely used in image, audio, and video compression due
to its ability to separate meaningful low-frequency signals from
noise-dominated high-frequency components [4, 16, 34].

This transformation reveals a key insight: trajectory data, espe-
cially from physical systems, exhibit strong temporal and spatial
continuity. Objects tend to move smoothly, with gradual changes in
velocity and direction, rather than abrupt or oscillatory movements.
As such, the high-frequency components of the DCT-transformed
trajectory often represent noise or minor irregularities. These com-
ponents can be selectively discarded with minimal impact on the
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perceived shape or dynamics of the motion, enabling high com-
pression ratios with low distortion. Figure 1a shows a common
velocity-time graph in which an object accelerates from rest, main-
tains a constant speed, and then decelerates to a stop. After applying
DCT, as shown in Figure 1b, the velocity signal is decomposed into
a few dominant low-frequency components labeled by cross and
many minor high-frequency ones.

To operationalize this insight, we propose PILOT-C (Physics-
Informed Low-Distortion Optimal Trajectory Compression), a new
framework that integrates physicsmodeling ofmotionwith frequency-
domain signal processing and error-bounded optimization. PILOT-C
compresses trajectory data under the assumption of complete input
sequences and does not address challenges related to wireless data
transmission or data loss. Our contributions are as follows:
• Frequency-domain, physics-informed compression.We are

the "rst to exploit the physical structure of motion for trajectory
compression. By applying DCT to each spatial dimension inde-
pendently, we capture and retain the dominant low-frequency
components that encode key motion behaviors. This enables us
to compress trajectories e#ectively by removing high-frequency
components that correspond to noise or physically implausible
transitions.

• Scalability to higher dimensions. Unlike many existing al-
gorithms—such as CISED—that are inherently restricted to 2D
spatial data, PILOT-C operates independently on each dimension.
This design enables natural extension to higher-dimensional
trajectories (e.g., 3D), such as those from aerial drones or motion-
capture systems, without redesigning the core algorithm.

• Optimized storage and practical integration.We optimize
the storage structure used for storing the compressed represen-
tation, making PILOT-C both theoretically sound and practically
deployable. This storage structure is general and can be inte-
grated into existing line simpli"cation algorithms to enhance
their compression ratios in real-world applications.

• Comprehensive experimental evaluation.We evaluate PILOT-
C on four real-world datasets (nuPlan, GeoLife, Mopsi, GeoLife-
3D) against leading methods (CISED-S, CISED-W, SQUISH). Un-
der the same SED constraint, it improves compression rate by
19.2% and reduces average SED error by 32.6%, preserving tra-
jectory structure more e#ectively.
The rest of this paper is organized as follows. Section 2 intro-

duces foundational concepts and background. Section 3 presents
our trajectory compression framework PILOT-C. Section 4 reports
the experimental results and analysis. Section 5 reviews related
work, and Section 6 concludes this paper.

2 PRELIMINARIES
In this section, we introduce the core of our algorithm: the Discrete
Cosine Transform (DCT). We then present a point encoding tech-
nique, which is applied in both the traditional line simpli"cation
algorithms and our proposed PILOT-C to reduce storage.

2.1 Discrete Cosine Transform (DCT)
The Discrete Cosine Transform (DCT) [1] is a real-valued, or-
thogonal transformation widely used in signal processing for data
compression. Among its variants, the Type-II DCT (DCT-II) is the

3.824 3.903 4.001 4.052 4.117 4.213 4.288 4.386

64 65 67 68 69 70 71 73
Quantization via: 

64 1 2 1 1 1 1 2
Record the differences

raw sequence

quantized sequence

delta encoded sequence

3.84 3.90 4.02 4.08 4.14 4.20 4.26 4.38reconstructed sequence
Reconstruction: 

Figure 2: Example of Quantization (!! = 0.03)
most common. For a one-dimensional discrete signal "" , where
𝑁 = 0, 1, . . . ,𝑂 → 1, the DCT-II is de"ned as:

𝑃𝑁 = 𝑄𝑁
)︄$→1

"=0 "" cos
(
(2"+1)𝑁%

2$

)
,' = 0, 1, . . . ,𝑂 → 1 (1)

where normalization factor 𝑄0 =
√

1
$ and 𝑄𝑁 =

√
2
$ for ' > 1.

The Inverse Discrete Cosine Transform (IDCT) reconstructs the
original sequence "" :

"" =
)︄$→1

𝑁=0 𝑄𝑁𝑃𝑁 cos
(
(2"+1)𝑁%

2$

)
,𝑁 = 0, 1, . . . ,𝑂 → 1 (2)

To better suit our application, in our implementation, 1) for
DCT, we set 𝑄𝑁 = 2 for ' ≥ 1; and 2) for IDCT, we use 𝑄𝑁 = 1

$ .
We leave 𝑄0 unmodi"ed, since 𝑃0 is always zero in our algorithm.
These modi"cations remove the need for square root and division
operations in IDCT.

Though DCT-II is theoretically lossless when paired with its
inverse and computed with full precision, practical applications
involve quantization - especially of high-frequency coe!cients.
This introduces loss and enables compression. A core advantage
of the DCT is its energy compaction: it concentrates most of a
signal’s energy into a few low-frequency coe!cients, making it
well-suited for compressing highly correlated data by retaining
signi"cant components and discarding negligible ones.

To achieve the same DCT results more e!ciently, we replace the
standard 𝑆 (𝑁2) algorithm with a faster 𝑆 (𝑁 log𝑁) approach [2, 23]
that maps the DCT to a Fast Fourier Transform (FFT) by symmetri-
cally extending an 𝑂 -point signal to 2𝑂 points, applying FFT, and
extracting the scaled real part to obtain the DCT coe!cients.

2.2 Point quantization and encoding
While trajectory simpli"cation has been well-studied, the e!cient
storage of simpli"ed points remains underexplored, often leading
to suboptimal compression in practice. To address this, we pro-
pose a point quantization and encoding scheme inspired by delta
encoding for more e#ective storage of compressed signals. This
general-purpose scheme can be seamlessly integrated with existing
line simpli"cation algorithms, reducing their storage overhead and
enabling fair, storage-aware comparisons with our approach.

Given a $oating-point signal sequence "" (see Figure 2), we "rst
apply quantization using a prede"ned error bound !! . A round-
ing function, round("", 2!! ), maps each value "" to the nearest
multiple of 2!! , producing an integer " ′

" . The original value can
be re-constructed approximately via 2!! × " ′

" , with a construc-
tion error bounded by !! , i.e., |"" → " ′

" | ≤ !! . For example, with
!! = 0.03, the value 𝑇 = 3.824 becomes 64, while 64× (2×!! ) = 3.84,
within ±0.03 of the original. The resulting integer sequence *" is
delta-encoded as 𝑉0 = *0 and 𝑉" = *" → *"→1 for 𝑁 ≥ 1, shown
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Figure 3: Examples and explanations of Varint, Zigzag, and
our Enhanced Zigzag for input number 227.
in Figure 2. If the raw sequence "" contains only integers, quan-
tization can be skipped, and we simply store the "rst value and
di#erences from the previous values for subsequent values for a
more compact representation.

To further compress 𝑉" , we apply Varint encoding, a variable-
length binary encoding scheme optimized for integers, and its vari-
ant Zigzag encoding for signed numbers. Varint splits each integer
into 7-bit chunks, with each chunk stored in a byte. The most signif-
icant bit (MSB) of each byte acts as a continuation $ag: a MSB = 1
indicates that more bytes follow, and MSB = 0 marks the "nal byte
in the sequence. For example, the integer 227 (binary 11100011)
is split into two chunks: 1 and 1100011. Varint encodes these in
reverse order: 1110 0011 (MSB = 1, value = 99) and 0000 0001 (MSB
= 0, value = 128), as shown in Figure 3(a). Decoding sums these
values to recover 227 (= 99 + 128).

To e!ciently encode signed integers, we use Zigzag encoding,
which remaps signed integers to unsigned ones. It transforms non-
negative numbers to even numbers (𝑁 →→ 2𝑁) and negative ones
to odd numbers (𝑁 →→ 2|𝑁 | → 1). This mapping converts small-
magnitude numbers - whether positive or negative - to small un-
signed integers, which Varint encodes compactly. In our exam-
ple shown in Figure 3(b), Zigzag transforms input number 227 to
2 × 227 = 454 and then encodes 454 with Varint.

While traditional Varint + Zigzag encoding works well in general,
it has two key limitations. First, traditional implementations "x
the chunk size (e.g., seven bits in our examples), which may not
suit all datasets. We address this by introducing a tunable chunk
length parameter , , con"gurable at the algorithm’s initialization to
better adapt to di#erent datasets. Second, standard implementations
introduce redundancy: since the "nal byte in the encoding sequence
must have MSB = 0, meaning sequences ending in an all-zero byte
are wasted. This redundancy becomes more prominent with small
chunk size (e.g., 1 bit), where all encoded sequences will end in ’01’
where 0 is MSB, and 1 is the real value.

To reduce this redundancy, we propose an enhanced Zigzag
encoding variant for speci"c use cases. This version shifts the
mapped values to eliminate zeros entirely: non-negative numbers
are mapped as 𝑁 →→ 2𝑁 + 1 and negative ones as (𝑁 →→ 2|𝑁 |). This

Table 1: Symbols and description

Notation Description
T a raw trajectory that contains | T | elements, where each ele-

ment (&! , '! ) captures the position &! at timestamp '!
S, S!," a signal array, the 𝑆-th signal array in )-th spatial dimension
V a velocity array derived based on an input signal array
C a frequency array produced by transforming a velocity array

via DCT
F output frequency array via rounding and encoding C
C′ ,V′ ,S′ arrays recovered by reconstructing a trajectory through decom-

pressing the output frequency array F generated by PILOT-C
*# block size to segment signal sequences
!)+ total number of spatial dimensions in a trajectory
, the overall error bound of a compression algorithm
,$ maximum allowable point-wise error
,% maximum allowable frequency error
,& required temporal precision

ensures that all remapped integers begin with a binary bit ‘1’. When
, = 1, the "nal encoded sequence always ends in ‘1’, which can
be safely omitted during storage and restored during decoding.
For example, the input 227 becomes 2 × 227 + 1 = 455 (binary
111000111). If we set the chunk size to 1 bit, Varint encoding pro-
duces a sequence where the "nal bit ‘1’ can be skipped, as shown
in Figure 3(c), reducing total storage.

3 MODEL
This section introduces the PILOT-C compression framework, ana-
lyzing its correctness and complexity. We then propose a truncation
procedure to further reduce storage and a post-compression valida-
tion step to correct any misalignments between the original and
compressed points that exceed the error bound. Next, we describe
the proposed storage structure for storing compressed trajectories
and the decompression procedure. Finally, we extend PILOT-C to
support trajectories with arbitrary sampling frequencies and dis-
cuss its strengths and limitations. Table 1 summarizes the frequently
used notations.

3.1 Compression framework
Our compression model PILOT-C processes raw trajectory data to
generate a compact representation. Without loss of generality, we
represent a trajectory T as T = ≃(𝑋0, 𝑌0), (𝑋1, 𝑌1), · · · 〉, where each
tuple (𝑋) , 𝑌) ) captures the position 𝑋) of the moving object at times-
tamp 𝑌) . The structure of each point 𝑋) is $exible. For example, for
vehicles on road networks, 𝑋) consists of longitude 𝑇) and latitude
𝑍) ; for drones or aerial vehicles, 𝑋) includes longitude 𝑇) , latitude 𝑍) ,
and altitude 𝑎) . Alternatively, positions can be represented in the
spatial geodetic Cartesian coordinate system using 𝑇) , 𝑍) , 𝑎) .

To simplify the discussion, we "rst assume uniform sampling
frequency, meaning the time intervalΔ𝑌 between consecutive points
in a trajectory is constant: ∀(𝑋) , 𝑌) ) ∈ T , 𝑌) → 𝑌)→1 = 𝑌)+1 → 𝑌) = Δ𝑌 .
We will later relax this assumption and explain how the model can
accommodate trajectories with non-uniform sampling intervals.

Our model consists of three key stages: data pre-processing, DCT
transformation, and frequency array encoding, as detailed below.
Figure 4 provides a visual overview of the compression process.
Data preprocessing. We "rst decompose each input trajectory
into signal sequences S along each spatial dimension. For example,
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Figure 4: Physics-Informed Low-Distortion Optimal Trajectory Compression framework (𝑏- = 10).

given a trajectory T , the signal sequence S along the 𝑇-dimension
is: ≃(𝑇0, 𝑌0), (𝑇1, 𝑌1), · · · 〉, and similarly for 𝑍- and 𝑎-dimensions if
applicable. Since time intervals are uniformly spaced, we omit them
and represent the signal sequence S as a one-dimensional array:
S = (𝑐0, 𝑐1, · · · ), where, for example, 𝑐0 = 𝑇0, 𝑐1 = 𝑇1 and so on for
the signal sequence along the 𝑇-dimension. Each signal sequence
corresponding to the 𝑑-th spatial dimension is then partitioned
into blocks S), 𝑆 of based on block size 𝑏- , which is a tunable pa-
rameter. To maintain continuity between blocks, the last point of
each signal block is reused as the starting point of the next. For in-
stance, S.,0 = (𝑇0, 𝑇1, · · · , 𝑇*# ), S.,1 = (𝑇*# , 𝑇*#+1, · · · , 𝑇2*# ), and so
on. This segmentation improves compression e!ciency, as demon-
strated in our experiments. When the context is clear, we use S
to represent a signal array of 𝑏- + 1 size corresponding to a single
spatial dimension.
DCT transformation. The di#erence between two consecutive
signal values approximates the velocity of the object. Since velocity
changes more smoothly than position, it is more suitable for DCT
processing. Within each block and for each spatial dimension, we
compute the velocity 4) as the di#erence between consecutive signal
values: 4) = 𝑐)+1 → 𝑐) . For example, along the 𝑇-dimension, 4) =
𝑇)+1 → 𝑇) . We also calculate the average velocity 4/𝑎𝑏 within the

block: 4/𝑎𝑏 =
)︄'# →1
!=0 𝑎!
*#

=
𝑐'# →𝑐0

*#
. Similar to delta compression, we

construct a zero-centered velocity arrayV = (50,51, · · · ,5*#→1) by
subtracting the average velocity from each velocity value, where
50 = 40 → 4/𝑎𝑏 , 51 = 41 → 4/𝑎𝑏 , etc. By construction, the sum of
all values inV is zero: )︄5) = 0. Note the length of each velocity
array V is 𝑏- . Each velocity array V is then transformed using
DCT, producing a frequency array C = (𝑃0,𝑃1, · · · ,𝑃*#→1). Since
the input V is zero-centered, the DC component 𝑃0 in C that
represents the average of the input signal is zero: 𝑃0 = 0.
Frequency array encoding. To compress the frequency array
C = (𝑃0,𝑃1, · · · ,𝑃*#→1), we quantize each frequency component
based on prede"ned frequency error threshold !𝑑 that de"nes the
maximum allowed frequency error. Each component𝑃) ∈ C is quan-
tized as round(𝑃) , 2!𝑑 ), where round is the rounding function that
maps each value 𝑃) to the nearest multiple of 2!𝑑 . Each quantized
component is then encoded using the enhanced Zigzag encoding.
Let F denote the rounded frequency array, F = (61, · · · , 6*#→1)
where 6) = encode(round(𝑃) , 2!𝑑 )). Note 60 =𝑃0 = 0 is not stored
in F to save space.
Summary. Given a raw trajectory T sampled at a uniform rate, our
proposed framework, PILOT-C, outputs a set of encoded frequency
arrays ∪

)<!)+, 𝑆<, |T |→1
'#

-F), 𝑆 , where each F), 𝑆 represents the encoded

frequency coe!cients of the 7-th block along the 𝑑-th spatial di-
mension. Our model also stores minimal metadata necessary for
accurate decompression, as detailed in Section 3.4. PILOT-C nat-
urally supports trajectories in arbitrary dimensions by treating
each spatial dimension independently in both compression and
reconstruction. This makes our framework particularly suitable for
modern applications involving 3D and even higher-dimensional
movement data.

3.2 Correctness and complexity analyses
In the following, we prove that all reconstruction errors remain
within the prede"ned error bound ! , and that the recovered points,
reconstructed from the output arrays F of the compression model
and their metadata, faithfully represent the original raw trajectory
within the bound ! .

Consider a signal arrayS representing a trajectory along one spa-
tial dimension within one single block, along with its corresponding
velocity arrayV and frequency array C. Let F denote the output
array produced by our compression model PILOT-C. Given F , we
reconstruct the frequency, velocity, and signal arrays, denoted as
C′,V′, and S′, respectively.
Analysis of ΔC.We "rst analyze the errors caused by rounding up
the frequency array C as follows. Given F and the speci"c rounding
function, each component 𝑃′

𝑁 in 𝑃′ can be derived via Equation (3).

𝑃′
𝑁 = 2!𝑑 decode (6𝑁 ) = 2!𝑑 round

(
𝑃𝑁 , 2!𝑑

)
,' = 1, 2, . . . ,𝑏- → 1 (3)

Therefore, the element-wise di#erence between C′ and original
array C is bounded by prede"ned allowable frequency error !𝑑 :

Δ𝑃𝑁 =𝑃𝑁 →𝑃′
𝑁 ∈ [→!𝑑 , !𝑑 ),' = 1, 2, . . . ,𝑏- → 1 (4)

Analysis of ΔV. LetV′ denote the recovered velocity array ob-
tained from C′ via IDCT. We calculate the element-wise error in
the velocity array V , as listed in Equation (5). In this analysis, we
rely on two key properties: i) )︄

5 = 0 and 𝑃0 = 𝑃′
0 = 0; and ii)

𝑄 ′
) =

1
*#
, as stated in Section 2.1.

Δ5𝑁 =5𝑁 →5 ′
𝑁 =

∑*#→1
)=0

𝑄 ′
)

(
𝑃) →𝑃′

)

)
cos

( (2' + 1) 𝑑𝑖
2𝑏-

)

=
∑*#→1

)=1

Δ𝑃) cos
(
(2𝑁+1))%

2*#

)
𝑏-

,' = 0, 1, . . . ,𝑏- → 1

(5)

Analysis of ΔS. Next, we derive the element-wise di#erence be-
tween each recovered signal value 𝑐 ′𝑁 ∈ S′ and its original signal
value 𝑐𝑁 ∈ S. Recall that 𝑐𝑁 = 𝑐0 +

)︄𝑁→1
)=0 5) , 𝑐 ′𝑁 = 𝑐 ′0 +

)︄𝑁→1
)=0 5 ′

) .
Therefore, the di#erence Δ𝑐𝑁 = 𝑐𝑁 → 𝑐 ′𝑁 can be expressed as 𝑐0 →
𝑐 ′0 +

)︄𝑁→1
)=0 Δ5) . Since 𝑐0 → 𝑐 ′0 = 0 (the starting value of each signal

array is stored as part of the essential block-level metadata, see
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Section 3.4), we simplify Δ𝑐𝑁 via Equation (6). Please refer to our
technical report [15] for the full derivation of this formula.

Δ𝑐𝑁 =
∑𝑁→1

)=0
Δ5) =

∑𝑁→1
)=0

∑*#→1
𝑆=1

Δ𝑃 𝑆 cos
(
(2)+1) 𝑆%

2*#

)
𝑏-

=
∑*#→1

𝑆=1

Δ𝑃 𝑆
)︄𝑁→1

)=0 cos
(
(2)+1) 𝑆%

2*#

)
𝑏-

=
∑*#→1

𝑆=1

Δ𝑃 𝑆 sin
(
𝑁 𝑆%
*#

)

2𝑏- sin
(
𝑆%
2*#

) ,' = 1, . . . ,𝑏-

(6)

We assume that each Δ𝑃𝑁 is independently and uniformly dis-
tributed. This implies that Δ𝑐𝑁 is a sum of 𝑏- → 1 independent,
uniformly distributed variables. From the properties of the uniform
distribution, the variance of each Δ𝑃𝑁 is: Var

(
Δ𝑃 𝑆

)
=

,2%
3 . Since the

expectation of Δ𝑐𝑁 is zero, its variance can be calculated as the sum
of the variances of each uniformly distributed variable, as detailed
in Equation (7). Please refer to our technical report [15] for the full
derivation of this formula.
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,' = 1, . . . ,𝑏-

(7)

Analysis of Δ𝑋. According to the Central Limit Theorem, the sum
of independent uniform variables approximates a normal distribu-
tion. Therefore, we can further analyze the error of each trajectory
point in Equation (8), where |𝑋𝑁→𝑋′𝑁 | denotes the spatial distance be-
tween the original point 𝑋𝑁 ∈ T and its reconstructed counterpart
𝑋′𝑁 ∈ T ′.

Δ𝑋𝑁 = |𝑋𝑁 → 𝑋′𝑁 | =
√∑!)+→1

)=0
Δ𝑐2),𝑁 (8)

We can then calculate this distribution’s Cumulative Distribu-
tion Function (CDF) to provide an appropriate method for select-
ing a proper !𝑑 . Each 𝑐),𝑁 is independently, normally distributed
with mean of 0 and variance of Var(Δ𝑐𝑁 ), so Δ𝑋𝑁 follows a scaled
chi-square distribution with 𝑗𝑑𝑘 degrees of freedom. Let 𝑙𝑁 =√
Var(Δ𝑐𝑁 ) =

√
(𝑁*#→𝑁2 ),2%

24*2#
. Then, the expected value and CDF of

Δ𝑋𝑁 are:
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Consider the point with the maximum expected error, at 𝑋 '#
2
.

For 𝑗𝑑𝑘 = 2, its CDF becomes

6Δ& '#
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Δ𝑐 '#

2

) -..
/
= 1 → exp

(
→12𝑚 2

!2𝑑

)
(11)

The probability of exceeding a given maximum error limit ! is

>
(
Δ𝑋 '#

2
> !

)
= 1 → 6Δ& '#

2
(!) = exp

(
→12!2

!2𝑑

)
(12)

If we choose !𝑑 = ,
0.6 , then this probability is 1.3%, indicating

that very few points on the trajectory will exceed the maximum
error. If !𝑑 = ,

0.8 , the percentage could be further reduced to 0.05%.
We can also estimate the average trajectory error as:
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Since 𝑏- is large,
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Substituting it into the above equation, we can obtain:
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When 𝑗𝑑𝑘 = 3, we can obtain similarly that 𝑛 (Δ𝑝 ) / 0.426! .
Complexity analysis. For uniform sampling data, the complexity
of our model is 𝑆 (𝑁 log(𝑏- )), as the trajectory is partitioned into
blocks of length 𝑏- , with DCT and IDCT applied to each block. All
other operations are linear in 𝑁. In practice, since 𝑏- is a constant for
one trajectory, the overall complexity of our model is 𝑆 (𝑁) where
𝑁 = |T | is the total number of trajectory points.

3.3 Truncation and post-compression validation
Through our empirical study, we observe that the frequency arrays
F), 𝑆 produced by DCT often contain a large number of zeros. This
behavior is attributed to DCT’s energy compaction property, which
concentrates most of the input sequence’s energy (e.g., essential
information) in the "rst few low-frequency coe!cients. This ef-
fect is particularly evident in smooth or slowly varying sequences,
such as the velocity sequences generated by our model. To further
reduce storage requirements, we retain only a subset of the fre-
quency components, speci"cally, the "rst ' low-frequency values,
since higher-frequency components often have negligible impact
on trajectory shape.

Formally, given a frequency array C output by DCT, we retain
only the "rst ' = 𝑏- × 𝑚𝑒𝑓' elements out of the total 𝑏- coe!cients,
where 𝑚𝑒𝑓' is the retention rate (as de"ned in Equation (16)). The
resulting array F is then given by: F = (61, 62, · · · , 6𝑁→1), where
6) = encode(round(𝑃) , 2!𝑑 )) for 𝑑 ∈ [1,' → 1]. Recall 60 = 𝑃0 = 0
is not stored in F . While this truncation strategy signi"cantly re-
duces storage requirements, it introduces approximation errors and
does not inherently guarantee that the reconstructed trajectory
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Figure 5: The adjusted storage structure of PILOT-C (𝑏- = 5,
𝑗𝑑𝑘 = 2).

adheres to the speci"ed error bound ! . To address this limitation,
we introduce a post-compression validation step. This step e#ec-
tively ensures compliance with the error constraint and corrects
any instances where the di#erence between the reconstructed and
original positions at certain trajectory points exceeds ! .

In this step, the compressed representation∪F), 𝑆 is decompressed
to reconstruct the trajectory T ′. We then compare T ′ with the
original trajectory T to identify any points 𝑋) ∈ T for which
the reconstruction error exceeds the speci"ed threshold ! . The
decompression procedure is detailed in Section 3.5. The set of such
error-prone points is de"ned as: P𝑓 = {𝑋) ∈ T ||𝑋) → 𝑋′) | > !}.

For each point 𝑋 ∈ P𝑓 , we compute the dimension-wise dif-
ferences between the original and reconstructed signals, written
as: ∪!)+→1

)=0 Δ𝑐), 𝑆 = 𝑐), 𝑆 → 𝑐 ′), 𝑆 . These di#erences are then scaled and
quantized as: round(Δ𝑐), 𝑆 , 2!! ), where !! =

,$√
!)+

and !& denotes
the point-wise error threshold. The quantized correction values are
encoded using the enhanced Zigzag encoding, and the resulting
correction data are aggregated into a correction array A𝑔 , de"ned
asA𝑔 = {∪!)+→1

)=0 Δ𝑐), 𝑆 ′ 𝑌 𝑆 |𝑋 𝑆 ∈ P𝑓 }. This correction array is stored
as part of the additional metadata alongside the compressed trajec-
tories. Although this validation step increases execution time due
to the additional decompression and validation step, it e#ectively
ensures that the "nal output meets the desired error tolerance.

3.4 Storage structure
The "nal step in the compression process involves storing all previ-
ously processed data. A visualization of the data storage structure
is shown in Figure 5. Note that the structure will be adjusted to
support trajectory data with non-uniform sampling intervals (see
Section 3.6 for details). Consequently, we present a generalized
version capable of handling arbitrary input trajectories. For each
input trajectory T , our compression model outputs the compressed
frequency arrays ∪

)<!)+, 𝑆<, |T |→1
'#

-F), 𝑆 , along with following meta-
data.
Trajectory-levelmetadata.The followingmetadata are associated
with each trajectory T : (1) Δ𝑌 - the uniform sampling interval of
the trajectory, used to reconstruct full sequence of timestamps
together with 𝑌0 and |T |; (2) ! - the error bound used to compress

the trajectory. This is needed both to recover values from rounded
integers and to compute parameters such as !𝑑 , 𝑏- , and 𝑚𝑒𝑓' ; (3)
!' - the time precision to quantize timestamps; (4) |T | - the total
number of samples (i.e., the length) of the trajectory; (5) 𝑌0 and 𝑋0 -
the initial timestamp and starting position of the trajectory; and (6)
Correction array A𝑔 , which stores information about error points:
the total number of error points |P𝑓 |, and the set of timestamp-
di#erence pairs for each dimension at every error point A𝑔 =
{∪!)+→1

)=0 Δ𝑐), 𝑆 ′ 𝑌 𝑆 |𝑋 𝑆 ∈ P𝑓 }.
Block-level metadata. The following metadata are associated
with each F), 𝑆 : (1) Ending value of each block. For each segmented
signal sequence S), 𝑆 , we store its ending value, which is also the
starting value of the successor sequence S), 𝑆+1. For example, in the
𝑇-dimension, the "rst block’s ending value is 𝑐*# , the second is 𝑐2*# ,
and so on. Using these, the average velocity 4/𝑎𝑏 of each segmented
signal sequence S), 𝑆 can be derived as 𝑐 ( "+1)'# →𝑐 "'#

*#
. This re$ects the

overall trend within the block. To save space, we do not store the
absolute values of 𝑐) ·*# directly. Instead, we store the di#erences
between consecutive block ending values (e.g., 𝑐*# → 𝑐0, 𝑐2·*# → 𝑐*# ,
etc). Any ending value 𝑐) ·*# can be reconstructed using 𝑋0 and
the cumulative sum of these di#erences: )︄)→1

𝑆=0 (𝑐 ( 𝑆+1)*# → 𝑐 𝑆*# ). (2)
Number of frequency components @7 . Each truncated frequency
array F), 𝑆 may still include some trailing zeros. We further reduce
storage by omitting those zeros. The counter @7 associated with
F), 𝑆 records the number of meaningful components retained in F), 𝑆 .
Quantization and encoding. To further reduce the storage cost,
we apply quantization and encoding techniques, as explained in
Section 2.2. For $oating numbers, we convert them to signed integer
via quantization. Examples include: round(Δ𝑐), 𝑆 , 2!! ) where !! =
,$√
!)+

, round(𝑋0, 2!& ), round(𝑐 ( 𝑆+1) ·*# →𝑐 𝑆 ·*# , 2!! ), and round(𝑌0, !' ).
Those signed integers are encoded via Zigzag encoding. Unsigned
integers (e.g., |T |, ∪@7 , and |P𝑓 |) are encoded using Varint.

3.5 Decompression process
Next, we describe PILOT-C’s decompression process. After loading
all the data according to the previously de"ned storage structure,
we reconstruct the frequency array C′

), 𝑆 . This is done by prepending
𝑃′
0 = 0 and padding (𝑏- → @7 → 1) zeros to each output frequency

array F), 𝑆 to match the original block size 𝑏- . We then reconstruct
the velocity arrayV′

), 𝑆 by applying ICDT to C′
), 𝑆 . UsingV′

), 𝑆 and the
corresponding average velocity 4/𝑎𝑏 , which can be derived from
the corresponding ending positions 𝑐 ( 𝑆+1)*# and 𝑐 𝑆*# along the 𝑑-th
dimension and 𝑋0, we can restore the signal array S′

), 𝑆 . Finally, we
recover the error points using the correction array A𝑔 . After the
signal array S′ is reconstructed along each spatial dimension, we
can recover each point 𝑋′) = (𝑇 ′) ,𝑍′) ) sampled at (𝑌0+𝑑Δ𝑌) in the input
trajectory T , where 𝑇 ′) is the 𝑑-th value in S′ along 𝑇-dimension,
and 𝑍′) is the 𝑑-th value in S′ along 𝑍-dimension.

3.6 Extension to non-uniform sampling data
As previously mentioned, trajectory data collected from real-world
applications often exhibit non-uniform sampling frequencies, which
require speci"c adaptations to our model for e#ective process-
ing. One speci"c challenge is the presence of discontinuous sub-
trajectories, when the temporal or spatial gap between two consec-
utive trajectory points is unusually large.
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To address this, we segment a raw input trajectory T into a set
of temporally continuous sub-trajectories, denoted as {T) }. For each
sub-trajectory T) , we then construct a uniformly sampled trajectory
T𝑖
) and compress T𝑖

) via our PILOT-C.
Since our model relies on the temporal continuity of trajecto-

ries and may experience degraded performance when encountering
noisy start or ending points, we begin by segmenting each input tra-
jectory T into trajectory fragments {T) }, ensuring that all fragments
are temporally continuous. This segmentation is based on the point-
wise spatial and temporal distance between consecutive trajectory
points. Speci"cally, we use a prede"ned velocity threshold 4+/.

(e.g., 4+/. = 200 m/s for road vehicles), and a time-based condition
that re$ects the expected sampling interval. A new segment T)+1
is initiated at point 𝑋 𝑆 if either of the following conditions holds:
|𝑋 𝑆 →𝑋 𝑆→1 | > (𝑌 𝑆 → 𝑌 𝑆→1) · 4+/. or 𝑌 𝑆 → 𝑌 𝑆→1 > 𝑏- · ' " →T! .'0

| T! | , where T) .𝑌0
refers to the starting timestamp of the current trajectory fragment
T) , and 𝑏- is the block size that allows for tolerance to moderate
irregularities. In the edge case where |T) | = 1, we replace ' " →T! .'0

| T! |
with a default value Δ𝑌 to handle the minimal-length fragment sce-
nario. After segmentation, we assume, without loss of generality,
that all trajectories {T) } are temporally continuous.

We then determine the desired sampling interval Δ𝑌 , which is
set to the rounded average time gap between consecutive points
across all temporally continuous sub-trajectories {T) }, i.e., Δ𝑌 =⎩ )︄

! (T! .' |T! |→1→T! .'0 ))︄
! | T! |

⌉
. The choice of Δ𝑌 introduces a trade-o# in com-

pression performance. A larger Δ𝑌 results in fewer samples in the
uniformly sampled trajectory T𝑖

) , improving the compression ratio.
However, it also increases misalignment between T𝑖

) and origi-
nal T) , which may require storing more correction information to
keep the reconstruction error within the speci"ed error bound ! .
In constrast, a smaller Δ𝑌 better preserves "ne-grained details from
the original trajectory but increases the length of T𝑖

) , and thus
the storage cost. Although one could search for an optimal Δ𝑌 by
evaluating multiple values, we "nd that our PILOT-C delivers strong
performance even with this simple average-based setting of Δ𝑌 .

Next, we construct a uniformly sampled version T𝑖
) for each

temporally continuous sub-trajectory T) , denoted as T𝑖
) = ≃(𝑋0, 𝑌0),

(𝑋𝑖1 , 𝑌0 + Δ𝑌), (𝑋𝑖2 , 𝑌0 + 2Δ𝑌), · · · 〉, where (𝑋0, 𝑌0) is the "rst point in
the original trajectory T) . We then generate points 𝑋𝑖𝑆 ∈ T𝑖

) at
timestamp (𝑌0 + 7Δ𝑌 ) using linear interpolation. More speci"cally,
let (𝑋/, 𝑌/) and (𝑋/+1, 𝑌/+1) be two consecutive points in the original
trajectory T) such that (𝑌0 + 7Δ𝑌) ∈ (𝑌/, 𝑌/+1]. The 𝑇-coordinate of
𝑋𝑖𝑆 ∈ T𝑖

) is then approximated as 𝑋𝑖𝑆 .𝑇 = &)+1 ..→&) ..
')+1→') · (𝑌0+ 7Δ𝑌→𝑌/)+

𝑋/ .𝑇 . Coordinate(s) in other spatial dimension(s) are interpolated
in the same manner.

Finally, we make a few key adjustments to support this process:
(1) Outlier Handling: Extremely short sub-trajectories (e.g., of length
1 or 2) are treated as outliers. The corresponding points (w.r.t T ) are
stored in an outlier arrayA𝑗 , sorted by their timestamps. Each point
𝑋 ∈ A𝑗 is stored as a set of signed integers representing the di#er-
ence from its predecessor outlier point along each spatial dimension:
∪)<!)+round(Δ𝑐, 2,√

!)+
), where Δ𝑐 indicates the di#erence between

𝑋 and the predecessor outlier along one spatial dimension. Those
signed integers are encoded via Zigzag encoding to reduce storage
overhead. Similarly, timestamps are converted to unsigned integer

via round(𝑌, !' ) and then encoded via Varint encoding. (2) Modi"ed
storage structure: The storage structure is adapted to support mul-
tiple sub-trajectories. Since each sub-trajectory T𝑖

) is independent,
each T𝑖

) stores its own trajectory-level metadata, including start
time 𝑌0, start point 𝑋0, and its length |T𝑖

) |. Other trajectory-level
metadata, including Δ𝑌 , ! , !' , the number of sub-trajectories |{T𝑖

) }|,
outlier array A𝑗 , and correction array A𝑔 are associated with orig-
inal trajectory T . A schematic of the updated storage structure is
shown in Figure 5. (3) Timestamp encoding: Though all individual
timestamps {𝑌 𝑆 } are treated as ground truth when decompressing
the trajectory, we need to store the exact timestamps of A𝑗 and
A𝑔 . Also, for other line simpli"cation algorithms, we also store the
exact timestamps for each reserved trajectory points. Given such a
sequence of timestamps, we "rst quantize each 𝑌 𝑆 via round(𝑌 𝑆 , !' ).
We then compute the di#erences between successive quantized
timestamps and encode these di#erences - positive integers - using
Varint encoding. (4) Decompression adjustments: The decompres-
sion pipeline is modi"ed accordingly. For each ∪F/,* corresponding
to a sub-trajectory T) , we "rst reconstruct a uniformly sampled
sub-trajectory (T𝑖

) )′ using the decompression process presented
in Section 3.5. Next, we reconstruct T ′

) by aligning (T𝑖
) )′ with the

original timestamps {𝑌 𝑆 }. To be more speci"c, for each timestamp 𝑌 𝑆 ,
we locate two consecutive points (𝑋𝑖* )

′ and (𝑋𝑖*+1)
′ in (T𝑖

) )′ such
that 𝑌 𝑆 ∈ (T𝑖

) .𝑌0 + 𝑏Δ𝑌,T𝑖
) .𝑌0 + (𝑏 + 1)Δ𝑌]. We then compute the

interpolated position 𝑋′𝑆 using linear interpolation between these
two points. We correct error points using the correction array A𝑔 .
Finally, we concatenate the reconstructed sub-trajectories T ′

) s and
apply outlier array A𝑗 to represent the complete decompressed
trajectory T ′.

3.7 Strengths and limitations.
To the best of our knowledge, PILOT-C is the "rst trajectory com-
pression method to exploit the physical properties of trajectories
by modeling them as continuous curves. This geometric perspec-
tive enables more accurate curve "tting and e#ectively reduces the
average error. The error introduced by PILOT-C is mathematically
bounded, making it well-suited for applications that require strict
accuracy guarantees. PILOT-C operates in𝑆 (𝑁) time, independent of
dimensionality, ensuring strong scalability and low computational
overhead even in high-dimensional data spaces. This makes PILOT-
C applicable not only to conventional 2D or 3D spatial data, but
also to complex, multi-dimensional trajectory datasets found in do-
mains like biomechanics, climate modeling, and robotics. However,
like other SED-based methods, PILOT-C has limitations. It relies on
timestamp information, and thus cannot handle trajectories lacking
temporal data. It is also not directly compatible with other distance
metrics such as PED. Furthermore, PILOT-C performs best when
trajectories have relatively stable sampling intervals. Its accuracy
and compression e#ectiveness degrade when facing highly irreg-
ular sampling patterns (e.g., intervals alternating between 1 and
10 seconds), as this distorts the curve-"tting process and reduces
"delity.

4 EXPERIMENTAL STUDY
In this section, we present a comprehensive experimental evaluation
of our PILOT-C algorithm in comparison to state-of-the-art line
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Table 2: Real-life trajectory datasets

Datasets Tra. Count Sampling Intervals (s) Time precision !' (s) Δ𝑌 (s) Var(Δ𝑌 ) Avg tra. length 𝑟,𝑏, @,𝑗
nuPlan 1,349 0.1 0.01 0.1 1.25 × 10→8 2,660 0.6, 20, 100, 0.04
GeoLife 182 1-5 1 3 18.95 132,970 0.6, 0.5, 25, 1.1
Mopsi 51 2 0.001 2 5.18 149,020 0.6, 1, 25, 0.6

GeoLife-3D 182 1-5 1 3 18.95 132,970 0.7, 0.5, 25, 0.8

simpli"cation methods. Using four real-world trajectory datasets,
we conducted a series of experiments to address the following
aspects: (1) The e#ectiveness of various strategies proposed in
our paper, including point quantization and encoding technique
introduced in Section 2.2, blocking strategy in Section 3.1, and
truncation strategy presented in Section 3.3. (2) The compression
ratios achieved by PILOT-C compared to baselines. (3) The average
error associated with each method. (4) The average running time
of each method. (5) Their performance on 3D trajectory datasets.

4.1 Experimental settings
4.1.1 Real-life trajectory datasets. To align with the uniform sam-
pling assumption, we use nuPlan [5], a widely used benchmark in
autonomous driving. Speci"cally, we use one subset (i.e., ego car
trajectories) from the test dataset, as only the ego car has a com-
plete trajectory throughout the entire scene. This subset contains
over 1,000 trajectories, each with approximately 2,660 trajectory
points. It is important to note that for line simpli"cation tasks, the
number of points per trajectory plays a more critical role than the
total number of trajectories in the dataset. This is because simpli"-
cation quality and compression gains are primarily in$uenced by
the density and continuity of points within individual trajectories.

To demonstrate our model’s adaptability to non-uniformly sam-
pled datasets, we further evaluate it on GeoLife [39] and Mopsi [24].
GeoLife comprises GPS trajectory collected from 182 users with
varying sampling rates, while Mopsi includes GPS trajectories from
51 users sampled at 2-second intervals. Both datasets are mainly
formed by long trajectories, with each on average containing more
than 130,000 trajectory points.

To evaluate the e#ectiveness of our model on 3D trajectory data,
we enhance GeoLife by adding altitude information, resulting in a
derived dataset referred to as GeoLife-3D. Although Mopsi also con-
tains altitude information, it contains a high proportion of missing
values, making it less suitable for 3D evaluation. A summary of the
four datasets is provided in Table 2. Time precision is determined
based on the original dataset (e.g., Mopsi stores timestamps as
integer milliseconds, while GeoLife stores them as integer seconds).

4.1.2 Data preprocess. We begin by removing all the trajectory
points with duplicate timestamps. Since GeoLife andMopsi datasets
provide GPS data in latitude and longitude, it is inconvenient to
compute and constraint the maximum SED error directly in geo-
graphic coordinates. To address this, we select an appropriate UTM
zone for each dataset and project all trajectories accordingly. The
projected trajectories serve as the ground truth in our experiments.

For 3D trajectory, we convert (longitude, latitude, altitude) coor-
dinates into Cartesian (" , 𝑉 , 𝑠 ) space using the WGS84 ellipsoid
model. Although GeoLife dataset has some missing altitude data,
these are mostly con"ned to a single trajectory. Thus, we retain

default values -GeoLife dataset has a default value of -777 feet for
invalid altitude, and we follow this for the few missing points and
construct GeoLife-3D accordingly.

4.1.3 Algorithms and implementation. We evaluate four algorithms:
PILOT-C proposed in this paper, two state-of-the-art SED-based line
simpli"cation algorithms CISED-S and CISED-W, and SQUISH, an-
other line simpli"cation algorithm selected for its adaptability to
3D trajectories. CISED-S and CISED-W are both one-pass line sim-
pli"cation algorithms. CISED-S is a strong simpli"cation algorithm,
meaning that all points in the compressed trajectory are selected
from the original trajectory. In contrast, CISED-W is a weak simpli-
"cation algorithm, which allows the inclusion of newly generated
points not present in the original trajectory. All algorithms are
error-bounded, implemented in Python, and evaluated on a 16 Core
AMD Ryzen 9 5950X @ 3.40GHz.

4.1.4 Evaluation metrics. We use the following metrics to evaluate
algorithm performance.
Compression ratio. Traditional trajectory simpli"cation algo-
rithms calculate compression rates as the ratio of retained points.
Since our model uses transformed representations instead of points,
we measure the compression rate based on the actual storage size.
For a set of trajectories ∪T and their compressed version ∪R, the
compression ratio is de"ned as:)︄R! ∈∪R Size (R) )/

)︄
T! ∈∪T Size (T) ).

Here, Size denotes the total byte size. For example, if each 2D point
is stored as three double-type values (𝑇 , 𝑍, 𝑌 ), the storage for a tra-
jectory T) with |T) | points is 192 × |T) | bytes. Lower values indicate
more e#ective compression.
Average SED error. The compressed trajectories of our PILOT-C
are not polygonal lines, so we cannot use the distance between
line segments and points as the error metrics. Instead, given an
input trajectory set T , we de"ne the average error as the average
Euclidean distance between the origin and reconstructed points:)︄

T! ∈∪T
)︄
$" ∈T! | |& " ,&

′
" |)︄

T! ∈∪T |T! | . Here, 𝑋 𝑆 and 𝑋′𝑆 are corresponding to points
in the original trajectory T) and reconstructed trajectory T ′

) , and
|𝑋, 𝑋′ | denotes the Euclidean distance between two points.

4.1.5 Parameters. Our PILOT-C includes three parameters: the max-
imum allowable frequency error !𝑑 , block size 𝑏- , and retention
rate 𝑚𝑒𝑓' . These parameters are all functions of ! , as de"ned in Equa-
tion (16). The constraint values 𝑟, 𝑏, @ , and 𝑗 are dataset-speci"c
and are empirically determined through experimentation, as listed
in Table 2. We evaluate the sensitivity of these parameters and their
impact on performance through a series of experiments.

!𝑑 =
!

𝑟
, 𝑏- = 𝑏 ∗ ! + @, 𝑚𝑒𝑓' =min

(
1, 𝑗√

!

)
(16)
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Figure 6: Compression ratios vs. ! (, = 2, !& = 0.5! for PILOT-C and !& = 0.2! for others).

The error bound ! corresponds to maximum SED error. In our
work, it is de"ned as maxT! ∈∪T

(
max& " ∈T! |𝑋 𝑆 , 𝑋′𝑆 |

)
. Due to vary-

ing sampling rates across datasets, we use di#erent ranges for ! .
Speci"cally, we vary ! from 10 to 100 meters for GeoLife, Mopsi,
and GeoLife-3D datasets, following prior studies [18]. For nuPlan
dataset, we use ! from 1 to 10 meters, as its sampling rate is only
0.1𝑡 , roughly one-tenth of the other datasets. While the perfor-
mance trends of di#erent algorithms remain consistent even as !
increases beyond 100 meters, the usability of compression algo-
rithms signi"cantly degrades, as trajectories become too coarse to
be meaningful for practical applications. To balance usability and
visual clarity, we limit our evaluation to ! = 100 meters and do not
report results beyond that threshold.

CISED requires a single parameter𝑘, which refers to the number
of sides of the regular polygon. Following the research "ndings
reported in [18], we use𝑘 = 16, as increasing beyond this yields
negligible gains in compression rate (<1%).

In addition to the parameters required by compression algo-
rithms, we also introduce two additional encoding parameters, ,
and !& when using encoding to further reduce the storage over-
head. Speci"cally, , refers to the length of the chunks in encoding
methods Varint and Zigzag, and !& records the maximum tolerable
error when rounding points to integers. The default value of , is 2
for all algorithms, while the default value of !& is 0.5! for PILOT-C
and 0.2! for other algorithms. Note that our model utilizes !& in
a way di#erent from other algorithms. Consequently, they have
di#erent default value for !& . The impact of these parameters is
also examined in our experimental analysis, with results reported
in Section 4.2.2.

4.2 Experimental results
4.2.1 E!ectiveness of point quantization/encoding, blocking, and
truncation strategies. We begin by evaluating the generality and
e#ectiveness of the quantization and encoding techniques intro-
duced in Section 2.2, applying them to all three baseline algorithms.
In Figure 6, we compare the compression ratios of the original base-
line methods (labeled “No-Encode”) with their enhanced versions
that incorporate these techniques, tested under di#erent ! values
while keeping other parameters to their default settings. The results
clearly demonstrate that quantization and encoding consistently
improve compression ratios across all datasets and ! values, with
an average improvement of 455%. This substantial improvement

is primarily due to the high redundancy in storing with double-
precision values. By reducing storage precision, the quantization
and encodingmethods signi"cantly enhance compression e!ciency.
For the remainder of our experimental study, we only report the
performance of the enhanced versions of the baseline methods.

Next, we evaluate the impact of the enhanced Zigzag encoding
technique, which is applied exclusively in PILOT-C. As shown in
Figure 6, the enhanced Zigzag improves PILOT-C’s compression
performance by an average of 12.6%. This modest improvement
stems from the relatively minor advantage of the enhanced Zigzag
encoding over the original Zigzag.

PILOT-C partitions long sequences into blocks of "xed size. As
discussed in Section 3.1, this segmentation improves compression
e!ciency. To illustrate this e#ect, we report the compression ratio
of PILOT-C under varying block sizes 𝑏- in Figure ??. As observed,
increasing 𝑏- from small values initially improves compression
ratio. However, beyond a certain point, further increases in 𝑏- lead
to a decline in compression performance. The optimal value of 𝑏- ,
where PILOT-C achieves the highest compression ratio, varies across
datasets, as it depends on their respective sampling rates. While
empirical search can identify the optimal 𝑏- for each dataset, this
process must be repeated whenever the error bound ! changes. In
contrast, we determine 𝑏- using Equation (16), which de"nes it as
a function of ! . Although the parameters 𝑏 and @ require empirical
tuning per dataset, the equation o#ers a consistent and e#ective
way to estimate suitable 𝑏- values across di#erent error bounds
for a given dataset. In other words, the compression performance
of PILOT-C reported in this paper may not represent its optimal
performance, but it still achieves strong results using the derived
𝑏- without requiring re-tuning 𝑏- for every new ! setting.

As discussed in Section 3.3, the frequency arrays F), 𝑆 produced
by DCT often contain many zeros, particularly in high-frequency
coe!cients. To improve compression, we apply truncation to retain
only the "rst few low-frequency coe!cients. To evaluate the impact
of this strategy, we report the compression ratios and percentage of
error points (exceed !) of PILOT-C under di#erent retention rates in
Figure 7. Note that when 𝑚𝑒𝑓' = 20, no elements are removed from
the frequency arrays F), 𝑆 produced by DCT, representing the upper
extreme; when 𝑚𝑒𝑓' = 2→7, only the "rst 1 or 2 elements of each
array are retained, resulting in the loss of important information
representing the lower extreme. As expected, reducing the retention
rate from 20 initially improves the compression ratio, while the per-
centage of error points remains nearly unchanged. This indicates
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Figure 7: PILOT-C’s com. ratios and per. of error points vs. 𝑚𝑒𝑓' (, = 2, ! = 5 for nuPlan, and ! = 50 for other datasets).
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Figure 8: PILOT-C’s com. ratios and per. of error points vs. !𝑑 (, = 2, ! = 5 for nuPlan, and ! = 50 for other datasets).

that removing high-frequency coe!cients does not signi"cantly
impact the preservation of important information. However, when
the retention rate becomes too low (2→7 or 2→6), critical information
is lost from the compressed frequency arrays. This leads to a no-
ticeable increase in error points, which in turn increases the size of
the correction array A𝑔 , ultimately reducing overall compression
e!ciency. Consequently, selecting an appropriate retention rate is
crucial to maintaining both compression e!ciency and data "delity.
While it is possible to empirically determine an optimal 𝑚𝑒𝑓' through
testing, our method, as presented in Equation(16), provides a simple
and e#ective way to estimate a suitable 𝑚𝑒𝑓' value.

4.2.2 Compression performance. In our second set of experiments,
we compare the compression performance of PILOT-C against base-
line algorithms under di#erent parameter settings. For each experi-
ment, we vary a single parameter while keeping all other parame-
ters "xed at their default values.
Compression ratios vs. error bound !. We "rst evaluate how
compression performance varies with the error bound. The results
are shown in Figure 6; please focus on the solid lines. As ! increases,
the compression ratios of all algorithms decrease across all datasets.
Among the datasets, nuPlan has the best compression ratios, due
to its high sampling rate. Across all tested ! values, PILOT-C consis-
tently outperforms CISED-S and SQUISH-E on all datasets. It also
outperforms CISED-W on nuPlan and Mopsi, and achieves com-
parable performance on GeoLife. Compared to nuPlan and Mopsi,
GeoLife exhibits an irregular sampling pattern (i.e., Δ𝑌 = 3 seconds
with Var(Δ𝑌 ) close to 19), which a#ects the e#ectiveness of PILOT-C.
On average, PILOT-C achieves compression ratios of (65.2%, 78.1%,
54.1%) and (81.8%, 100.3%, 69.6%) relative to CISED-S and CISED-W,
respectively, across three datasets.

Compression ratio vs. chunk length , . To evaluate the impacts
of the chunk length parameter , , which is used in the encoding
phase of all algorithms, we "x the error bound ! = 50 m for the
GeoLife and Mopsi, and ! = 5 m for nuPlan. We vary , from 1 to
7 and the results are reported in Figure 9. Across all algorithms,
the compression ratio exhibits a non-monotonic trend: it initially
decreases with increasing , , then increases beyond a certain point.
This behavior stems from the variable e#ectiveness of Varint and
Zigzag encoding, which are sensitive to chunk alignment and data
distribution. The optimal , value varies across datasets, particularly
in Mopsi. This variation is partly due to di#erences in timestamp
precision. Mopsi records timestamps with 0.001-second resolution,
but its average sampling interval is 2 seconds, resulting in redun-
dancy and ine!ciencies in certain encoding con"gurations. Given
that (i) several , values yield similar compression performance, and
(ii) the optimal , varies depending on ! , we adopt a uniform default
of , = 2 for all algorithms in subsequent experiments to ensure
consistency and simplicity.
Compression ratio vs. frequency precision !𝑑 . As analyzed in
Section 3.2, the frequency precision !𝑑 directly a#ects the number
of points on the trajectory that exceed the maximum allowable
error ! and thus in$uences the size of the correction array. As !𝑑 in-
creases, more error points emerge, as evidenced in Figure 8. On the
other hand, increasing !𝑑 also reduces the value of round(𝑃) , 2!𝑑 ),
leading to shorter encoding lengths and lower storage requirements.
Consequently, selecting an appropriate !𝑑 is crucial. Since the op-
timal values are generally consistent across all datasets, we adopt
the same values for all 2D datasets, as presented in Equation(16)
and Table 2, while 3D dataset has a di#erent setting.
Compression ratio vs. point precision !& . Next, we examine the
impacts of !& , which controls the precision of stored points. varying
it from 0.05 × ! to 0.6 × ! . Results are shown in Figure 10. As !&
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Figure 9: Compression ratios vs. , (! = 5 for nuPlan, ! = 50 for other datasets, !& = 0.5! for PILOT-C, and !& = 0.2! for others) .
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Figure 11: Average errors vs. ! (, = 2, !& = 0.5! for PILOT-C, and !& = 0.2! for others) .

increases, compression ratios of all algorithms "rst decrease and
then increase, though this trend is more evident for PILOT-C when
extending !& further. This re$ects a trade-o# between reduced stor-
age precision and the ability of encoding methods to e!ciently
compress the data. The optimal !& value for best compression is
relatively consistent across datasets but varies by algorithm due
to how each algorithm utilizes !& . PILOT-C applies !& only in post-
compression validation step to construct the correction array, leav-
ing the core compression process una#ected. In contrast, CISED and
SQUISH-E incorporate !& into their internal compression thresh-
olds, directly in$uencing overall compression. Since multiple !&
values often yield similar compression performance, we adopt "xed
defaults for simplicity in subsequent experiments: !& = 0.5! for
PILOT-C and !& = 0.2! for baseline algorithms.

4.2.3 Average error comparison. In the next set of experiments, we
compare the average errors of di#erent algorithms under varying
! . As expected, the average errors increase with increasing ! . More
speci"cally, the average error of each algorithm shows an approxi-
mately linear relationship with ! . The average error of PILOT-C is
close to that of CISED-S, smaller than that of CISED-W, and larger

than that of SQUISH-E. PILOT-C outperforms CISED-W because
it incorporates the physical characteristics of the trajectory and
treats the trajectory as a continuous curve for "tting. In addition,
the experimental results are consistent with the theoretical "nd-
ing presented in Equation (15), i.e., the average error of PILOT-C
is approximately 0.335! for 2D datasets. SQUISH-E produces the
smallest errors, as it tends to retain more points, resulting in much
weaker compression performance. For detailed results and "gures,
please refer to our technical report [15].

4.2.4 Running time comparison. We compare the running time
performance of PILOT-C against baseline algorithms under varying
! . We include both compression and decompression time. Note that
our model has a decompression complexity of 𝑆 (𝑁 log𝑏- ), which
di#ers from the 𝑆 (𝑁) complexity of other models. For compression
time, PILOT-C consistently achieves the best running performance.
For example, it outperforms CISED-W by up to 10× in execution
speed. For decompression time, all algorithms are fast and their
time performance improves as ! increases. For detailed results and
"gures, please refer to our technical report [15].
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4.2.5 Performance on 3D trajectories. In the last set of tests, we
evaluate the performance of our algorithm PILOT-C with SQUISH-E
on 3D dataset. We evaluate how compression performance varies
with changes of error bounds, by varying ! from 10 to 100 meters
on GeoLife-3D. The results are reported in Figure ??. On average,
PILOT-C achieves compression ratios of 67.1% relative to SQUISH-E.

5 RELATEDWORK
In this section, we review prior work related to trajectory compres-
sion and the usage of DCT in data compression, both of which are
closely connected to this study.

5.1 Trajectory compression
Trajectory compression has been widely explored to reduce stor-
age overhead while bounding spatio-temporal errors. Due to the
limitations of lossless compression algorithms, including low com-
pression ratio and limited e!ciency, recent research has focused
on lossy compression techniques. These can be broadly categorized
into two main classes: geometry-driven methods and semantics-
based methods, both of which have signi"cant limitations.

5.1.1 Geometry-driven approaches. Geometry-driven approaches
focus on spatial and temporal properties. The core technique is
trajectory (line) simpli!cation [6, 10], which discards trajectory
points under error metrics like Perpendicular Euclidean Distance,
Synchronized Euclidean Distance, and Direction-Aware Distance.

The foundational “min-#” problem [14, 19] frames simpli"ca-
tion as a graph optimization. While optimal, its 𝑆 (𝑁3) complexity
(later improved to 𝑆 (𝑁2)) scales poorly. This led to sub-optimal
algorithms: 1) Batch (e.g., Douglas-Peucker (DP) [10] and Pavlidis’s
method [29]); 2) Online (e.g., SQUISH-E [26] with a priority queue);
and 3) One-Pass (e.g., OPERB [20] with linear time, CISED [18]
withh cone intersection). A key shortcoming of these methods is
their inability to balance compression ratio, average error, e!ciency,
and multi-dimensional data handling.

Other geometry-based techniques include delta compression,
where each timestamp in a trajectory is encoded as a delta across
time, longitude, and latitude. TrajStore [9] applies conventional
delta encoding, while Trajic [28] re"nes it with a linear predictor.
These methods generally underperform trajectory simpli"cation
and fail to ensure trajectory continuity.

5.1.2 Semantics-driven methods. Semantics-driven methods use
domain knowledge (e.g., road networks or motion patterns) for
compression. They typically involve map-matching [27, 31] For
vehicle trajectories constrained by road networks, the process typi-
cally begins with map-matching [27, 31], followed by encoding (e.g.,
COMPRESS [13, 32] for trajectory sub-trajectories, and UTCQ [17]
for uncertain trajectories).

More recent studies have explored learning-based techniques.
[11, 35, 36] RLTS [35] formulates online trajectory simpli"cation
as a sequential decision process and learns an optimal policy via re-
inforcement learning. S3 [11] builds a context-aware Graph Neural
Network (GNN) to capture local and global mobility dependencies
and proposes a novel error-distance metric called context-aware
error distance (CED). While CED improves semantic "delity, S3
shows limited gains on conventional error metrics.

Despite their e#ectiveness in speci"c domain, these methods
often fail to generalize to unconstrained trajectories, such as those
from pedestrians or drones, and face di!culties in balancing com-
pression ratio with multidimensional error constraints. Comparing
to these methods, our model does not require additional semantic
information and can be easily transferred to various datasets.

5.2 The usage of DCT in data compression
DCT is a foundational technique in modern multimedia compres-
sion, renowned for its ability to concentrate signal energy into a
small number of low-frequency coe!cients. This property enables
e!cient signal representation and has led to DCT’s widespread
adoption in image compression (e.g., JPEG-XT [3] and JPEG [34]),
audio compression (e.g., MP3 and AAC [4]), and video compres-
sion (e.g., MPEG [16] and HEVC [33]). However, these applications
typically tolerate globally distributed errors, whereas trajectory
compression requires strict local error bounds. This fundamental
mismatch has historically limited the application of DCT to spa-
tiotemporal data compression.

Notably absent from the literature is the use of DCT for trajec-
tory compression. This gap stems from two inherent limitations of
conventional DCT approaches: 1) Lack of local error control: The
global energy compaction characteristic distributes reconstruction
errors unevenly, making it di!cult to guarantee maximum devia-
tion at individual trajectory points. 2) Spatiotemporal decoupling:
Standard DCT implementations process spatial and temporal di-
mensions independently, disrupting the intrinsic synchronization
between position and timestamp in trajectory data.

Due to these limitations, trajectory compression has tradition-
ally favored specialized geometric algorithms (e.g., DP variants)
and error-bounded temporal methods (e.g., SQUISH-E), rather than
frequency-domain approaches like DCT. Our work directly ad-
dresses this gap by introducing a novel synchronization-constrained
DCT framework that enforces strict per-point error bounds, en-
abling DCT to be e#ectively applied to spatiotemporal trajectory
data for the "rst time.

6 CONCLUSIONS
This paper presents PILOT-C, an error-bounded trajectory compres-
sion algorithm based on synchronous distance, which is the "rst
model to leverage the physical signi"cance of motion to guide
trajectory compression. Experimental results demonstrate the e#ec-
tiveness of PILOT-C: it achieves an average improvement of 19.2%
in compression ratio compared to CISED-W, the state-of-the-art
SED-based line simpli"cation algorithm. Furthermore, PILOT-C sig-
ni"cantly enhances "delity, reducing the average error by 32.6%
relative to CISED-W. Critically, PILOT-C extends naturally to three-
dimensional trajectories while maintaining its complexity, yielding
a substantial 49% gain in compression ratio over SQUISH-E, the
most e!cient and e#ective algorithm for 3D datasets.
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