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ABSTRACT
In modern auto vehicles we find dozens of Electronic Control Units
(ECUs) running several hundred MBs of code, alongside sophisti-
cated dashboards with integrated wireless communications. While
this technological advancement has brought upon a wide range
of advantages and integrated features, it also exposed the modern
vehicle to significant cyber threats, as documented in prior works.
Unfortunately, besides traditional cyber attacks, the security and
normal operation of the modern vehicle are nowadays exposed to a
different kind of threat. This is the tampering, which denotes a pro-
cedure that alters the vehicle’s behavior in order to gain particular
advantages (e.g., financial, operational). A fundamental distinction
between tampering and cyber attacks, is that tampering occurs
with the owner’s consent. This paper presents an approach for de-
tecting tampering within modern vehicles. The approach leverages
the advantages of sensitive hashing, namely the Exact Euclidean
Locality Sensitive Hashing (𝐸2𝐿𝑆𝐻 ) method. Experimental results
based on a dataset collected from the On-Board Diagnostics port
(OBD) of a Kia SOUL vehicle demonstrate the practical applicability
of the developed methodology.

CCS CONCEPTS
• Security and privacy → Intrusion/anomaly detection and
malwaremitigation; • Information systems→Nearest-neighbor
search.
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Anomaly detection, locality sensitive hashing, controller area net-
works
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1 INTRODUCTION
The modern car has experienced profound changes in terms of its
internal technological ecosystem. Nowadays, we find dozens of
Electronic Control Units (ECUs) running several hundred MBs of
code, alongside sophisticated dashboards with integrated wireless
communications [2]. However, in the same vehicle we find the
underlying communication infrastructure, which is struggling to
keep up with the pace of these radical changes.

While this technological advancement has brought a wide range
of advantages and integrated features, it also exposed the modern
vehicle to significant cyber threats. To this end we find attackers
(e.g., vehicle owners, malicious actors) exploiting software vulnera-
bilities (or undocumented features) in order to alter the vehicle’s
behavior [25, 27]. Fortunately, nowadays, we also find a wide vari-
ety of techniques coming from the scientific community [5, 17, 28],
as well as from standardizing bodies [1], which aim to address the
lack of built-in security mechanisms within the modern car.

Unfortunately, besides traditional cyber attacks, the security
and normal operation of the modern vehicle are also exposed to
a different kind of threat. This is the tampering, which denotes a
procedure that alters the vehicle’s behavior in order to gain par-
ticular advantages (e.g., financial, operational). Compared to cyber
attacks, the purpose of tampering is not to cause specific damages,
but to alter the system’s behavior in order for the vehicle’s owner
to gain particular advantages. A fundamental distinction between
tampering and cyber attacks, is that tampering occurs with the
owner’s consent. Furthermore, tampering usually requires physical
access to the vehicle, as well as making profound changes to the
vehicle’s hardware (e.g., chip unsoldering, connecting hardware
emulators via altered communication ports). To this end, a partic-
ular example is the heavy-duty transport vehicle domain, where
frequent tampering is aimed at deactivating the NOx reduction
system in order to avoid costs for repairing of parts or the costs
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Figure 1: General architecture of the modern car with ECUs
and CAN frames.

of consumables (e.g., the AdBlue reagent), which are needed for
the system’s correct operation. However, these changes drastically
raise the amount of NOx emissions [16].

This paper presents an approach for detecting the tampering
within modern vehicles. The approach leverages the advantages
provided by sensitive hashing, namely the Exact Euclidean Locality
Sensitive Hashing (𝐸2𝐿𝑆𝐻 ) method. Introduced by P. Indyk in [9]
as a method for fast searching of similar objects with a high number
of characteristics, Locality Sensitive Hashing (LSH) can yield more
accurate results than the mainstream techniques documented in
prior works (e.g., Principle Component Analysis). Experimental
results based on a dataset collected from the On-Board Diagnos-
tics port (OBD) of a Kia SOUL vehicle [13] are used to validate
the developed methodology. These also demonstrate its superior
performance with respect to related techniques.

We believe that this work brings several major contributions,
including: (i) it presents a new approach for detecting tampering
based on the Exact Euclidean Locality Sensitive Hashing (𝐸2𝐿𝑆𝐻 ),
which distinguishes itself frommainstream techniques documented
in prior works; and (ii) it showcases the superior performance of
the developed technique with respect to techniques found in prior
works in the context of a dataset captured from a real vehicle.

The remainder of this paper is structured as follows. Section
2 provides an overview of related works. This is followed by a
detailed description of LSH and of the developed methodology in
Section 3. Experimental results and comparison to prior works are
described in Section 4. The paper concludes in Section 5.

2 BACKGROUND AND RELATEDWORK
2.1 Overview of the Modern Car’s Architecture
From an architectural point of view, the modern car comprises
dozens of embedded devices, also known as Electronic Control Units
(ECUs), which communicate with digital and/or analog sensors.

In today’s modern vehicles the “backbone” communication is
provided by the Controller Area Network (CAN). Standardised in
2003 [10], it is an International Standardization Organization (ISO)
- defined communications bus that describes the rules for exchang-
ing data frames between devices. Given its limitations mainly in

terms of bandwidth and payload size, recently, two main improved
communication infrastructures have been proposed. The CAN+
protocol was proposed by Ziermann, et al. in 2009 [29], and it ex-
ploits the time between transmissions to send additional data. More
recently, in 2012, Robert Bosch Gmbh developed the CAN with
flexible data-rate protocol (CAN-FD) [19], which brings several ad-
vantages over CAN and CAN+, amongst which the most significant
being higher bandwidth and larger payload.

An overview of this architecture is visualized in Fig. 1. However,
besides regular ECUs, the CAN bus can also transfer tampered
frames injected by malicious actors, which can profoundly alter
the behavior of ECU software. Therefore, an efficient approach is
required, which can be integrated into the modern vehicle in order
to detect tampering of sensitive data.

2.2 Related Work
Tampering is closely related to anomaly detection, if we consider
only the scenarios that do not cause parameter deviations outside
the normal functioning intervals. Therefore, in the remainder of this
section, an overview of anomaly detection techniques is provided,
which have been particularly developed for the automotive sector.

Groza and Murvay [6] developed an approach that focuses on
the number of Control Area Network (CAN) identifiers (CIDs),
their periodicity, and the entropy carried by the data-field associ-
ated to a particular CID. Based on a thorough analysis of a CAN
communication trace, a significant number of constant bits have
been identified. Consequently, the Hamming distance between two
messages from the same sender and CID was used to define the min-
imum entropy. As a result, the developed approach detects replay
and packet modification attacks (i.e., random changes of a packet’s
content).

Similarly to the work of Groza and Murvay, other researchers
have acknowledged that anomaly detection algorithms need to
be lightweight in order to be practically applicable to in-vehicle
systems. To this end, Stabili, et al. [24] proposed an anomaly detec-
tion algorithm for the CAN bus based on the Hamming distance
between the payloads of two consecutive CAN messages having
the same identifiers. Tests consisted of randomly generated payload
(fuzzing attack), as well as replay attacks. The results have shown
that the approach is applicable and exhibits good performances in
the case of messages with small Hamming distances. Otherwise, a
large number of false positives are generated.

In the same direction of lightweight detection algorithms we
mention the work of Cho and Shin [14]. Here, an anomaly detection
algorithm, called Clock-based detection system, was developed.
The developed algorithm was analyzed and later validated in the
context of three distinct classes of attacks: new data fabrication,
suspension, and masquerade. The approach essentially records the
message arrival timestamps, and exploits the periodic transmission
time of CAN messages for fingerprinting the transmitter ECUs.
Next, for each ECU, an estimation of the clock skew was computed,
which was then used as a fingerprint. Finally, the Cumulative Sum
(CUSUM) was integrated to detect packet injection, omission or
modification attacks.

In [15], Moore, et al. observed that CAN communications exhibit
a certain level of regularity in terms of the timing of CAN frames.
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Based on the identified communication patterns, a network-based
intrusion detection strategy was developed. The developed detec-
tion strategy measures the inter-signal wait times, and issues alerts
in case communications deviate from the apriorilly learned patterns.
As in the case of most existing works, a clean (i.e., disturbance-free)
dataset was used in the learning phase. A similar approach for
detecting intrusions in in-vehicle systems according to the packet
inter-arrival times (for the same CID) was documented by Sung, et
al. in [23].

Moving towards the direction of more complex algorithms, we
find the work of Narayanan, et al. [21]. The developed approach
embraces Hidden Markov Models (HMM) to learn offline the com-
munication patterns between ECUs. In a similar direction we find
the work of Theissler, et al. [26], where multivariate time series
were recorded and analyzed from a moving (on-road) vehicle.

In contrast to the above-mentioned studies, this work presents a
methodology aimed to detect tampering (or anomaly) attempts on
the data layer. An important observation is that in most of the cases
tampering does not affect communications, but it mainly impacts
the application layer, that is, the data transported by the underlying
communication system. While most prior works targeted the under-
lying communication system, this paper documents a methodology
aimed at the application layer. Besides this, while prior works in
other fields have mainly used traditional (i.e. mainstream) machine
learning algorithms, this work documents a different approach,
namely the Locality Sensitive Hashing (LSH) [4]. Compared to
other mainstream techniques (e.g., Principle Component Analysis
– PCA), LSH does not only have the ability to work with multi-
dimensional data (as the case of PCA), but, as demonstrated later
by the experimental results, it also exhibits a better accuracy in the
case of tampering.

3 DEVELOPED TAMPERING DETECTION
METHODOLOGY

At the center of the developed methodology is a technique aimed
at finding nearest neighbours in a high dimensional space. The
modern car contains hundreds of sensors, which can be accessed
in real-time via the On-board Diagnostic system (OBD). OBD de-
notes the vehicle’s self-diagnostic and reporting capability, which
also provides a standardized access interface and protocols for ac-
cessing sensor reports. Given the high data dimensionality, the
developed approach needs to build upon multi-dimensional algo-
rithms, namely the Exact Euclidean Locality Sensitive Hashing
(𝐸2𝐿𝑆𝐻 ) method.

The remainder of this section describes the building blocks of
𝐸2𝐿𝑆𝐻 , and its applications to tampering detection.

3.1 Locality Sensitive Hashing
Developed as an approximate nearest neighbors solution by P. Indyk
and later improved in [4], Locality Sensitive Hashing (LSH) is an
innovative method for solving the nearest neighbor problem with
the use of hashing. It is based on the premises that hashing points
that are closer together have a higher probability of collision, than
the points that are farther apart. Since it was first published, LSH
has been widely used in numerous fields and applications [7, 11, 12,
18, 20].

As an extension to LSH, the Euclidean Exact Locality Sensitive
Hashing [3],[22] (𝐸2𝐿𝑆𝐻 ) embraces the fundamental concept of
LSH, with the purpose of solving the 𝑅-near neighbor problem
in Euclidean space. Given a set of values 𝑉 (i.e., a set of measure-
ments captured via the OBD port) containing data points in a 𝑑-
dimensional space, for a given query point 𝑞 and a radius 𝑅, 𝐸2𝐿𝑆𝐻
returns a list of points for which the condition | |𝑣 − 𝑞 | |2 ≤ 𝑅 is
satisfied, where | |𝑣 −𝑞 | |2 is the Euclidean Distance between 𝑣 and 𝑞.
More specifically, 𝐸2𝐿𝑆𝐻 provides a list of points close to 𝑞 within
the radius 𝑅 with a probability of 1 - 𝛿 , where 𝛿 is the probability
that a point within 𝑅 distance to 𝑞 is not reported.

𝐸2𝐿𝑆𝐻 inherited from LSH its 𝑝-stable distribution. A distribu-
tion D over ℜ is called 𝑝-stable, if there exists 𝑝 ≥ 0 such that for
any𝑚 real numbers 𝑢1 ... 𝑢𝑚 , independently and identically dis-
tributed variables𝑋1 ...𝑋𝑚 with distributionD, the random variable∑
𝑖 𝑢𝑖𝑋𝑖 has the same distribution as the variable (∑𝑖 |𝑢𝑖 |𝑝 )1/𝑝𝑋 .

Here, 𝑋 is a random variable with distribution D [8].
According to the previously mentioned properties, the 𝐸2𝐿𝑆𝐻

structure is defined as a family of functions𝐺 = {𝑔1, ..., 𝑔𝐿}. Each
𝑔 ∈ 𝐺 is defined as 𝑔(𝑣) = (ℎ1 (𝑣), ..., ℎ𝑘 (𝑣)). Here, 𝑣 ∈ 𝑉 is the
𝑑-dimensional measurement that is stored in the 𝐸2𝐿𝑆𝐻 structure,
ℎ𝑖 is the hash function that is applied on each 𝑣 value, 𝑘 denotes the
number of hash functions, and 𝐿 denotes the number of 𝑔 functions.
For each 𝑔, a hash table of size 𝑛 is constructed. It should be noted
that, within the 𝐸2𝐿𝑆𝐻 structure, for each 𝑔 ∈ 𝐺 function, the
associated hash functions ℎ𝑖 are uniquely constructed (as defined
later in this section). In other words, for each pair of functions
𝑔,𝑔′ ∈ 𝐺 ,𝑔 ≠ 𝑔′, and the set of hash functionsH , andH ′ associated
to 𝑔, and 𝑔′, respectively, we have that H ∩H ′ = ∅.

In relation to each ℎ𝑖 , a 𝑡 function is introduced to compute the
hash table key for a given 𝑔:

𝑡 (ℎ1 (𝑣), ..., ℎ𝑘 (𝑣)) =
( 𝑘∑
𝑗=1

𝑟 𝑗ℎ 𝑗 (𝑣)
)

mod 𝑛, (1)

where 𝑟 𝑗 are random integers. Lastly, the hash functions ℎ𝑖 are
defined as:

ℎ𝑖 (𝑣) =
⌊
𝑥 · 𝑣 + 𝑏

𝑤

⌋
. (2)

Here, 𝑥 is a vector containing elements selected randomly from a
𝑝-stable distribution, 𝑏 is a real number uniformly selected from
the interval [0,𝑤], and𝑤 is the number of segments in which the
real line, containing the projection 𝑥 · 𝑣 , is divided into.

3.2 𝐸2𝐿𝑆𝐻 Parameter Selection
The number𝑘 of hash functionsℎ used by each𝑔, directly influences
the query running times. Therefore, choosing the optimum value
for 𝑘 is crucial for the performance of the algorithm. Following the
method described in [3] and [22] the value for 𝑘 is approximated
via the following steps. First, we estimate the value of 𝑇𝑐 , which
is the time needed to construct the 𝑔 functions and to retrieve
the approximate near neighbours for a query point 𝑞. Next, we
estimate the value of 𝑇𝑔 , which is the time needed to compute the
distances from the query point 𝑞 to all of its approximate near
neighbours. Given these two estimations, the best value for 𝑘 is the
value for which 𝑇𝑐 +𝑇𝑔 is minimal, thus 𝑘 should be chosen as a
mean optimization of all the query points.
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Figure 2: Simplified overview of the 𝐸2𝐿𝑆𝐻 query scheme.

Based on 𝑘 , the ideal number 𝐿 of 𝑔 functions is determined
according to the assumption that a query point will collide with an
existing data point with a probability of 𝑝𝑘 . Therefore, the proba-
bility that the query point fails to collide with a near neighbor for
all 𝑔𝑖 functions is equal to (1 − 𝑝𝑘 )𝐿 . As a result, a point colliding
with the query point with a probability of 𝛿 , can be expressed as
1 − (1 − 𝑝𝑘 )𝐿 ≥ 1 − 𝛿 . Consequently, the best value for 𝐿 is:

𝐿 =

⌈
log ( 1

𝛿
)

− log (1 − 𝑝𝑘 )

⌉
(3)

Finally, the 𝑅 parameter is computed in two steps. In the first
step, its minimum and maximum values (i.e., 𝑅𝑚𝑖𝑛 and 𝑅𝑚𝑎𝑥 ) are
obtained by sampling data points from the tamper-free dataset, and
by choosing 𝑅𝑚𝑖𝑛 and 𝑅𝑚𝑎𝑥 such that most of the sampled data
points have the nearest neighbor in the [𝑅𝑚𝑖𝑛, 𝑅𝑚𝑎𝑥 ] interval. In
the second step, the optimal value for 𝑅 ∈ [𝑅𝑚𝑖𝑛, 𝑅𝑚𝑎𝑥 ] is chosen
by querying a set of tampered points, and by selecting the best ratio
between the false-positive and false-negative rates.

3.3 Tampering Detection
The developed method for tampering detection leverages the pro-
prieties of the 𝐸2𝐿𝑆𝐻 scheme, namely, the high probability that
two points that are close to each other in Euclidean space hash to
the same value.

At first, the tamper-free data points are pre-processed by the
𝐸2𝐿𝑆𝐻 structure in order to group similar values under the same
buckets in each hash table. Accordingly, each 𝑔 first applies 𝑘 hash
functions ℎ1, ℎ2, ..., ℎ𝑘 on each 𝑣 from the dataset, resulting in a
series of hash values ℎ1 (𝑣), ℎ2 (𝑣), ..., ℎ𝑘 (𝑣). Next, 𝑡 is applied to
determine the hash key within the table 𝑔.

The procedure for determining if a given query point 𝑞 is tam-
pered or not is similar to the insertion process. First, for each 𝑔,
the points that collide under the same 𝑡 key value, are retrieved,
resulting in a list of points considered similar to 𝑞 by 𝐸2𝐿𝑆𝐻 . Then,
to further decide if measurement 𝑞 is tampered or not, for each
point under the bucket identified by 𝑡 , the Euclidean distance is
computed with 𝑞. The point 𝑞 is considered valid if at least one
point exists within 𝑅 distance. An overview of this procedure is
shown in Fig. 2.
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Figure 3: False Positive and False Negative Rate vs R.

4 EXPERIMENTAL ASSESSMENT
The experimental evaluation focuses on assessing the correctness
and applicability of Euclidean Exact Locality Sensitive Hashing
(𝐸2𝐿𝑆𝐻 ) in the context of detecting data tampering in auto vehicles.
Furthermore, the analysis focuses on the comparison with related
detection methods.

4.1 Dataset
The data used to validate the developed approach was provided
by the Hacking and Countermeasure Research Lab (HCRL) [13].
It comprises measurements collected from the On-Board Diagnos-
tics port of a Kia SOUL vehicle. Briefly, the set consists of 94000
items, each one having 51 features, recorded over a period of 23
hours from 10 different drivers. From this collection of features, 17
features were considered relevant in terms of detecting tampering
attempts, from which we mention: fuel consumption, engine speed,
and engine torque (the complete set of features is summarized in
Table 1). The dataset used for the construction of the 𝐸2𝐿𝑆𝐻 struc-
ture, denoted by 𝑆𝑙 , contains 7000 observations randomly selected
from 8 drivers. The query dataset, denoted by 𝑆𝑞 , contained all
remaining observations from the 2 drivers. Before constructing the
𝐸2𝐿𝑆𝐻 structure the dataset was normalized with respect to the
limits imposed for each of the selected features.
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Table 1: Description of the features used throughout the ex-
periments.

Feature Name Range Unit
Fuel consumption 0-10000 mcc

Accelerator pedal value 0-100 %
Throttle position signal 0-100 %
Intake air pressure 0-255 kPA

Absolute throttle position 0-100 %
Engine speed 0-6000 rpm

Torque of friction 0-100 %
Engine coolant temperature (-)40-(+)215 C

Engine torque 0-100 %
Calculated load value 0-100 %

Maximum indicated engine torque 0-100 %
Wheel velocity front left-hand 0-511.75 km/h
Wheel velocity rear right-hand 0-511.75 km/h
Wheel velocity front right-hand 0-511.75 km/h
Wheel velocity rear left-hand 0-511.75 km/h
Torque converter turbine speed 0-16383.75 rpm

Vehicle speed 0-200 km/h

4.2 Data Tampering
In order to generate tampered data, 2 distinct scenarios were con-
sidered. For each scenario, a subset 𝑆𝑡 containing 500 observations
were randomly selected from the query set 𝑆𝑞 . From 𝑆𝑡 , a total
number of 17 tampered datasets were created, where gradually, for
each dataset, an additional feature was tampered, starting from
the 1st until the 17th feature. For each feature 𝑥𝑖 the mean (𝜇𝑥𝑖 )
and standard deviation (𝜎𝑥𝑖 ) values were estimated. Subsequently,
the tampered values were automatically computed by randomly
selecting values from specific (valid) intervals in two scenarios, as
follows:

• Scenario I: (𝜇𝑥𝑖 + 3𝜎𝑥𝑖 , 𝜇𝑥𝑖 + 5𝜎𝑥𝑖 ).
• Scenario II: (𝜇𝑥𝑖 ± 3𝜎𝑥𝑖 ,𝜇𝑥𝑖 ± 5𝜎𝑥𝑖 ).

Lastly, according to Table 1, each tampered feature was bounded
to the normal parameter limits.

4.3 Parameter Computation
𝐸2𝐿𝑆𝐻 ’s parameters must be determined in relation to each specific
dataset. Namely, we need to determine the number 𝑘 of hash func-
tions ℎ𝑖 specific for each 𝑔, the number 𝐿 of 𝑔 functions, and the
radius𝑅. By following the procedure described earlier, the following
values were obtained: 𝑘 = 10, and 𝐿 = 55. To compute the optimal
value of 𝑅, the interval margins 𝑅𝑚𝑖𝑛 and 𝑅𝑚𝑎𝑥 were computed by
sampling random data-points from the dataset 𝑆𝑙 . Subsequently, the
optimal value for 𝑅 ∈ [𝑅𝑚𝑖𝑛, 𝑅𝑚𝑎𝑥 ] was calculated using MATLAB,
as shown in Fig. 3. The best result obtained for 𝑅 was of 0.08. Lastly,
𝛿 , the probability that a near neighbor is not found, was set to 10%,
meaning that the algorithm would report the near neighbors with
a 90% probability of success.

4.4 Experimental Results
In order for the reader to understand the impact of tampering
on the vehicle’s parameters, three samples, each one consisting
of three features are visualized in Fig. 4, 7, 10. Here, we observe
the correlation between the: fuel consumption, torque of friction,
and the engine’s coolant temperature (Fig. 4); engine torque, load
value, and engine torque (Fig. 7); and accelerator pedal, intake
air pressure, and torque of friction (Fig. 10). Next, we visualize
the same three features in the case of the two scenarios including
tampering. Accordingly, Fig. 5, 6, 8, 9, 11, 12 illustrate the same
three features in the case of Scenario I and II. Observe that in these
two scenarios the features exhibit clear changes from the original
dataset. Nevertheless, the parameter intervals are not exceeded. In
each figure previously mentioned, Fig. 4-12, the plotted points were
normalized with respect to the limits imposed by each feature (see
Table 1).

Next, we proceed to the analysis of the accuracy of the developed
methodology in terms of false positives and false negatives. The
analysis is also performed in the context of the popular technique
including Principle Component Analysis (PCA) alongside the use
of Gaussian Mixture Models (GMM). The later case was used by
prior studies [8] in the classification of anomalous behavior.

As mentioned earlier, the rate of false positives (FPR) and nega-
tives (FNR) is closely linked to the value of parameter 𝑅. To this end,
Fig. 3 shows the evolution of FPR and FNR. Since the value of 𝑅 was
set to 0.08, the recorded FPR is of 8.2% and of FNR is of 7.0%. As for
PCA+GMM the recorded FPR is of 59.4%. Moving forward, Fig. 13
and 14 showcase the rate of false negatives in comparison to PCA
and GMM. PCA provides a means to reduce the data dimensions,
while GMM is the clustering technique used to detect anomalous
behavior. As shown in these figures, we observe that PCA+GMM
leads to a significantly higher level of false negatives in both exper-
imental scenarios. Obviously, by increasing the number of features
that are affected by tampering, the accuracy of both techniques im-
proves. Nevertheless, the developed approach behaves significantly
better than PCA+GMM. This is owed to the fact that, by reducing
the dimensions, PCA also eliminates the slight parameter changes
that are critical for the detection of tampering.

5 CONCLUSIONS
This paper approached a new threat to automotive systems, namely
tampering, and presented a new approach for the detection of tam-
pering. The approach leverages the advantages provided by sensi-
tive hashing, namely the Exact Euclidean Locality Sensitive Hashing
(𝐸2𝐿𝑆𝐻 ) method. By using 𝐸2𝐿𝑆𝐻 , the developed methodology en-
capsulates the ability to tackle multi-dimensional data, to model
normal system behavior, and to detect abnormal (i.e., tampered)
measurements. In terms of experimental results, the dataset col-
lected from the On-Board Diagnostics port of a Kia SOUL vehicle
[13] demonstrated the applicability of the approach, and its superior
performance when compared to mainstream techniques such as
the ones documented in related works (e.g., Principle Component
Analysis, and Gaussian Mixture Models). As future work, we in-
tend to further refine the developed technique and to implement a
prototype within an auto vehicle.
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Figure 4: Tamper-free dataset (engine
coolant).
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Figure 5: Scenario I tampered dataset.
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Figure 6: Scenario II tampered dataset.
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Figure 7: Tamper-free dataset (engine
torque).

0
1

1

0.5

E
ng

in
e 

to
rq

ue
 [%

]

0.8
Calculated load value [%]

0.5

Maximum indicated engine torque [%]

1

0.6
0.4

0

Figure 8: Scenario I tampered dataset.
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Figure 9: Scenario II tampered dataset.
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Figure 10: Tamper-free dataset (accelera-
tor pedal).
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Figure 11: Scenario I tampered dataset.
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Figure 12: Scenario II tampered dataset.
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