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In this study, we developed a system integration of a mobile intelligent specimen transport
box to build a smart specimen reading and transmission device using an embedded system. For
environmental monitoring experiments, the sending unit can set sample information and
temperature requirements, while the receiving unit can display the arriving sample’s information
and the temperature recorded during transport. Throughout the delivery process, the system can
obtain real-time sample information and temperature data. The data algorithm of support vector
machine (SVM)-based event detection is used to issue alerts during data monitoring, ensuring
that temperature and humidity are properly controlled during specimen transport.

1. Introduction

Radio frequency identification (RFID) is a rapidly developing wireless communication
technology, and its primary function is tag identification. In our society, RFID is widely used
across various industrial and commercial systems. Different frequency bands have clearly
defined specifications regarding their physical characteristics, communication methods, and
application approaches. Because of these standards, the applications derived from different
frequency bands also vary. For example, high-frequency (HF)-band RFID is typically used for
short-range contactless devices, so it is commonly found in commercial applications such as
e-wallets and ticketing systems. In contrast, ultrahigh-frequency (UHF)-band RFID can operate
over longer distances and is therefore used in parking lots, positioning systems, highway toll
collection, and more. Although there are clear differences in frequency bands and applications,
their primary operation and working principles are largely similar—they all utilize
electromagnetic induction to enable access permission and perform data transmission. The main
topics of interest involve how RFIDs with different antenna frequencies operate in various
environments and how to obtain optimal signal stability for different applications.

The major drawback of RFID lies in interference between its components and interference
caused by nonconductive materials. To address these technical challenges, Papapostolou and
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Chaouchi(? explored the suitability of RFID tags for indoor location sensing as an important
feature in pervasive computing applications. In this study, the authors investigated how several
types of interference affect RFID performance and considered three RFID positioning schemes.
By analyzing a case in which deployed tags determine the location of a moving terminal
equipped with a reader extension, the authors derived mathematical models describing major
interference types and their impact on positioning accuracy and response time. Extensive
simulation analyses were conducted to evaluate the practicality and effectiveness of RFID. The
final results confirmed RFID’s potential in location sensing and emphasized the need for careful
design in RFID-based positioning systems. Mahfouz et al.®) proposed a positioning technique
combining the received signal strength indicator (RSSI) with the K-means algorithm. In their
study, they developed a wireless sensor network localization algorithm based on radio
fingerprinting and kernel methods. Using real-world data collected in noisy indoor environments
affected by various interferences, the authors analyzed the behavior of different algorithms
under realistic conditions.

To date, RFID has become a mature and standardized technology, primarily used in wireless
applications involving traceability, logistics, and access control. Duroc and Tedjini®® elaborated
on RFID’s inherent advantages, such as unique identification, wireless communication, and low
tag manufacturing costs, which provide decisive benefits and drive new developments in
concepts and applications. These trends have been validated by market forecasts and by RFID’s
practical use in various fields. In the first part of their article, they introduced the basic concepts
of RFID technology and its relationship with wireless sensing, summarizing current performance
and technological advancements. In the second part, they discussed RFID’s actual impact on
society, with emphasis on applications in autonomous medical care and disability support. In the
final section, they presented prospects and directions for future RFID applications. With the
rapid adoption of RFID technology, RFID-based sensors have attracted interest across many
fields. Owing to the limitations of RFID tags, most existing RFID-based temperature sensing
applications require hardware modifications, increasing costs and hindering deployment. Wang
et al® proposed the RFThermometer, a remote temperature-sensing system using commercial
UHF RFID tags. They first examined the effect of temperature on the RFID phase. To mitigate
accuracy loss caused by missing phase measurements, a tensor-completion method was
introduced, along with a Gaussian process model to construct a phase-temperature map during
the offline stage. In the online stage, unknown temperatures were simulated using dynamic
time-warping techniques, effectively overcoming RFID’s limitations in temperature-sensing
scenarios.

Previous research studies®~'D have shown that a smart specimen transport box integrating
RFID, positioning technologies, and IoT offers significant advantages over traditional barcode
technology. Existing barcode systems require manual, passive, and single-action scanning,
which may lead to missed or lost specimens. RFID, being wireless and contactless, effectively
mitigates these issues. To clarify the functional advancements in recent literature, Table 1
systematically shows the dimensions—specifically RFID, positioning, and IoT—achieved by
these related studies. In the early stages of integrating these technologies into medical
workflows, studies often focused on single functional dimensions. For instance, Shim et al.®)
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Table 1
System functions achieved in research studies.

Application

RFID Positioning IoT
Shim ez al.®) @
Ohashi et al.®)
Urbano ez al.(”
Kurnianingsih ez al.®)
Khan et al”)
Monteleone ez al. '
Le et al.!) @
This study %

utilized RFID technology to prevent phlebotomy errors by authenticating patient identities and
blood tubes at the point of care. While this system highly optimized the RFID identification
process, it did not incorporate continuous cloud monitoring or geographic tracking. To address
the need for tracking, Ohashi et al.() advanced location awareness by proposing a smart medical
environment that auto-tracks clinical interventions. By deploying sensors to monitor the real-
time presence of patients, nurses, and laboratory specimen tubes, their system fulfilled the
positioning dimension in Table 1 to prevent misidentifications, although it remained confined to
indoor applications.

As the demand for cross-site medical logistics grew, researchers shifted their focus toward
combining geographic tracking with continuous data transmission. Urbano et al.(7) developed a
monitoring system specifically for the transport of blood components, heavily utilizing loT
architecture and global positioning system (GPS) positioning to ensure the integrity of the cold
chain over long distances. Similarly, studies by Kurnianingsih et al.,®) Khan et al.,®) and
Monteleone et al.19 further explored the integration of positioning and IoT technologies within
medical tracking and cold chain logistics. These studies successfully established a solid
foundation for connected healthcare infrastructure; however, they primarily focused on macro-
level environmental tracking rather than item-level RFID verification during the handover
process.

Achieving a fully comprehensive system requires the simultaneous integration of all three
dimensions: RFID, positioning, and IoT. Le et al.!" successfully proposed a smart specimen
transport box that combines these elements. On the sending side, an RFID tag is attached to each
specimen tube, and a reader writes patient information alongside the GPS coordinates of the
receiving laboratory. For the IoT and positioning components, an Arduino Mega 2560 is installed
inside the transport box with an SHT10 temperature sensor and a GPS module. Finally, narrow
band internet of things (NB-IoT) is used to upload real-time sensor and geographic data to an
IoT cloud platform, allowing users to view specimen status instantly. Upon arrival, an RFID
reader retrieves the stored data and compares it with the GPS data to verify correct delivery. In
recent years, the paradigm of medical logistics has rapidly evolved toward “Smart Healthcare
IoT” and intelligent anomaly detection. For instance, Sarkar et al.(1?) explored the integration of
the Internet of Medical Things (IoMT) to achieve autonomous and proactive healthcare
monitoring. To address the computational challenges of real-time monitoring, Cruz Castafieda
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and Bertemes Filho(!® and Hennebelle et al.1¥) proposed Al-driven Edge-IoT architectures that
distribute machine learning tasks for predictive smart healthcare. Within the specific domain of
cold chain logistics, Gillespie et al.!>) developed a real-time IoT anomaly detection system to
identify equipment failures during the transport of temperature-sensitive goods. Furthermore,
Mirkhail and Xinyou!®) demonstrated the efficacy of deep learning methods for anomaly
detection in securing loT healthcare systems. While these recent studies highlight the growing
trend of deploying artificial intelligence within Smart Healthcare IoT, our proposed system
builds upon these foundations by strategically adopting a centralized, server-side SVM
architecture. This design leverages the robust data transmission capabilities of modern IoT to
perform highly accurate dynamic 1D time-series anomaly detection, effectively moving beyond
traditional static thresholds without imposing computational burdens on the edge transport
boxes.

While the system proposed by Le et al. provides a complete tracking framework across all
three dimensions, as shown in Table 1, it still relies on traditional, static threshold-based
conditions for environmental alerts. This study builds upon the complete integration of RFID,
positioning, and IoT by introducing an embedded system. By integrating a support vector
machine (SVM) algorithm, the proposed system is able to learn dynamic 1D time-series
waveform features, replacing rigid static thresholds with highly accurate anomaly detection and
instant push notifications.

For this work, the smart specimen transport box integrates an embedded system with RFID
communication technology to create a self-developed mobile loT-based specimen delivery
device. On the sending side, the system allows users to configure specimen information and set
temperature monitoring requirements for the transport box. Upon arrival at the destination, the
receiving side can display the delivered specimen information along with the recorded
temperature history during transportation. In addition, throughout the delivery process, the
system can provide real-time access to both specimen data and the temperature conditions
experienced during transit.

2. Research Method: Using RFID Technology as a Smart Specimen Reading and
Transmission Device

2.1 Construction of an embedded system for a smart specimen transport box

A smart specimen transport box was developed on the basis of an embedded system and
RFID communication technology. This self-designed mobile specimen transport box
incorporates intelligent Iol' communication. The temperature monitoring system is divided into
a specimen sending unit, a specimen receiving unit at the destination, and real-time specimen
information during transport. This ensures full temperature control throughout the specimen
transport process, as shown in Fig. 1. The planned implementation methods and functions of the
specimen transport box are as follows.

A self-made mobile specimen transport box that integrates embedded systems with intelligent
IoT communication is developed. The specimen sending unit can set sample information and the
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Fig. 1. (Color online) Implementation method and functions of the transport box.
required temperature monitoring parameters. Upon arrival, the specimen receiving unit displays
the received sample’s information and temperature records during transport. During transport,
the system can provide real-time specimen information and temperature status to ensure
complete temperature control throughout the process. The planned implementation steps of the
self-made smart specimen reading and transmission device are as follows.
Prepare RFID sensing chips, which may be designed as adhesive tags or water-resistant
types, for storing specimen data. Integrate an embedded system inside the specimen transport
box. A computer-based human—machine interface retrieves specimen quantities and temperature
information from the memory module. The hardware is then combined with firmware design to
develop the software monitoring system for the transport box. The system includes the following:
(A) Specimen sending-end system: The sending unit can set sample information and temperature
monitoring requirements.

(B) Specimen receiving-end system: The receiving unit displays the arrived specimen’s
information and the temperature experienced during transport.

(C) Specimen transport-end system: The system displays real-time sample information and
temperature conditions during transport to ensure precise temperature control.

Figure 1 illustrates the implementation method and functions of the transport box.

2.2 loT-based smart temperature monitoring system

The IoT-based temperature monitoring system is divided into a specimen sending unit, a
specimen receiving unit at the destination, and real-time specimen information during delivery,
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ensuring accurate temperature control throughout the process, as shown in Fig. 2. To develop a
smart specimen transport box that ensures temperature management during specimen
movement, in this project, we focused on system integration for specimen monitoring. The
system aims to achieve the following: (1) a mobile specimen transport box transmission system
and (2) a specimen tracking system that accompanies the transport box. The operational
functions of both the transport box and the specimen tag are described below.
(A) Specimen sending-end system: The sending unit can set sample information and temperature
requirements.
—A sending-end monitoring and configuration software system will be developed to
integrate with the transport box and RFID devices, enabling temperature parameter settings
and specimen data writing.
(B) Specimen receiving-end system: The receiving unit can display the arrived specimen’s
information and the temperature recorded during transport.
—A receiving-end data analysis software system will be developed to integrate with the
transport box and RFID devices, exporting temperature monitoring data and reading
specimen information.
(C) Specimen transport-end system: The system provides real-time access to sample information
and temperature during transit.
—A transport-end monitoring software system will be created to coordinate with the
transport box and display monitoring status via that liquid crystal display panel, RFID,
mobile device, computer, and microcontroller interface.
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(Color online) loT-based smart temperature monitoring system.
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2.3 Description of research device and materials for smart specimen transport box

The TTGO T18 V3.0 motherboard(!”) was selected for this system on the basis of three main
considerations. First, it is equipped with an ESP32-WROOM-32 MCU, which offers strong
computing capability and expandability, and it includes a built-in Wi-Fi module that fully meets
the wireless communication needs of this project. Second, the board features a built-in 18650
lithium battery holder with integrated boost and voltage-regulation circuitry, enabling long-term
operation while reducing the cost and complexity of external power modules. Finally, its I/O
expandability is excellent, providing three UART interfaces, two I°C channels, and two SPI
channels, allowing flexible integration with various sensors and peripheral devices. The system
uses the DHT22 temperature and humidity sensor(!®) for environmental measurement owing to
its high accuracy, stability, and ease of use. The DHT22 includes an internal digital signal
processing unit capable of measuring both temperature and relative humidity, and outputs digital
data through an I2C interface, greatly simplifying its connection with the microcontroller.(!”) The
DHT?22 relies on a capacitive humidity sensing element and a negative temperature coefficient
(NTC) thermistor. The capacitive element detects changes in dielectric constant caused by water
molecule adsorption, whereas the NTC thermistor measures temperature changes through
inversely proportional resistance variations. These analog signals are then converted by the
internal microprocessor. It supports a temperature range of —40 to +80 °C and a humidity range
of 0-100% RH, meeting the needs of typical environmental monitoring. In addition, its low
power consumption and long-term stability make it ideal for continuous monitoring or battery-
powered systems.

To ensure precise and stable positioning during transport, the system adopts the u-blox NEO-
MS8N 8th-generation multi-global navigation satellite system (GNSS) module, which supports
BeiDou. Compared with modules supporting only a single GNSS system, the NEO-M8N can
simultaneously receive signals from GPS, GLONASS, Galileo, and BeiDou, providing superior
positioning accuracy and stronger anti-interference capability.?? Its advantages in update rate
and time-synchronization accuracy also enhance the timeliness and reliability of transmitted
data. For identification, the system uses the RC522 RFID module,?D selected for its low cost,
compact size, and easy integration with microcontrollers. It supports 13.56 MHz contactless
cards and provides fast, stable identification performance.

The system includes a GMEI12864-77Y organic light-emitting diode (OLED) display (1.3”,
128 x 64 resolution, I*°C communication, SH1106 driver),*? chosen for its clear display, low
power consumption, and compact size—ideal for embedding into the smart specimen transport
box as a real-time information interface. Through the OLED screen, users can directly view
internal temperature/humidity, operating mode, and other system status information, improving
usability and monitoring efficiency. Three operating modes were designed to support varying
specimen preservation requirements. The current mode is displayed on the screen so operators
can ensure specimen quality and safety during transport.

(1) Room temperature mode: Suitable for general specimens; temperature maintained between

24 and 28 °C, and humidity below 60%.

(2) Refrigerated mode: For low-temperature specimens; temperature maintained between 5 and

7 °C, and humidity below 60%.
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(3) Frozen mode: For frozen specimens; temperature maintained between —18 and —12 °C,

humidity below 60%.

The system enclosure was designed using Autodesk Inventor. The structure consists of one
main body and four external covers. The main body houses all circuit boards and wiring,
providing structural support, while the covers protect and secure the electronic components. All
parts were 3D-printed using polylactic acid (PLA) material. The covers’ mounting points
incorporate M3 heat-set threaded inserts embedded in the main body to enhance fastening
strength and structural stability. The system uploads sensing data to the cloud database via an
application programming interface (API), using the JSON format for easy parsing and storage by
the server. The data transmitted by the device include basic device information, real-time sensor
data, and system status parameters. The major fields are listed below.

API Data Upload Fields

Deviceld: Device identification code

Temperature: Real-time temperature (°C), rounded to one decimal place
Humidity: Real-time related humidity (RH), rounded to one decimal place
Longitude/latitude: Geographic coordinates of the device

Timestamp: Time when the data were generated

EventSN: Event serial number, the unique identifier of each record
DeviceSN/DeviceName: Device serial number and name (linked to registered device
information)

Address: Text description of device location

Status: Device operational status code

1 = active or alert state

0 = normal

CreatUser: Identifier of the uploader or system account

CreateDate: Time the data were uploaded to the server

This API is responsible solely for uploading and writing data. It does not perform logical
processing or decision-making. After transmission, the server stores the data in the SampleBox
Event H Device Status table within the Hospital database for later querying, analysis, and
visualization—corresponding to the SQL database operations described later. All recorded
sensor and event data can be downloaded from the backend database. Users may export data as
.csv files for analysis or .xlsx files for easier organization and review as shown in Fig. 3.

A SQL database was implemented as the core of the web system’s front-end and back-end
data management. The database is managed and accessed through phpMyAdmin; its API is
responsible solely for the receiving data sent from the front end and writing it into the database,
without performing additional data processing. All data are stored in a database named Hospital,
within which the table SampleBox Event H Device Status records all device operations and
status information. The table currently contains the following fields: EventSN, DeviceSN,
DeviceName, DateTime, Humidity, Temperature, Address, Longitude, Latitude, Status,
CreateDate, and CreateUser. These fields comprehensively represent each device’s historical
operating records and environmental monitoring data, corresponding to the API data structure
described earlier.
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¥ Action a o . .
g EventSN DeviceSN  DeviceName DateTime Humidity Temperature Address Longitude Latitude staws  c;.tnate
1 Module
¥ Role H1140806 Device001 Device001  2025-09-23 17:50:16 68 275 Device001  120.7181  24.1376 0 2025-00-23 17:50:16
oA Role e H1140806 Device001 Device001  2025-09-23 17:50:19 68.4 275 Device001  120.7181  24.1376 0 2025-00-23 17:50:19
- SampleBox_Device
16 SampleBox Event_H H1140806 Device001 Device001  2025-09-23 17:50:21 68.9 275 Device001  120.7181  24.1376 0 2025-00-23 17:50:21
~ ¥ SampleBox_Event H_Device 11140806 Device001 Device001 ~ 2025-09-23 17:50:24 693 275 Device001 ~ 120.7181  24.1376 0 2025-09-23 17:50:24
-1+ SampleBox_Event_H_Device
1+ SampleBox_Event_H_Patien 1140808 Device001 Devios001 20250923 17:50:27 70 275 Device001 ~ 120.7181  24.1376 0 2025-09-23 17:50:27
- ¥ SampleBox_Event H_USer |111140806 Device001 Device001  2025-09-23 17:50:30 704 275 Device001  120.7181  24.1376 0 2025-09-23 17:50:30
~# SampleBox_Event_H_User_[
g L H1140806 Device001 Device0O1  2025-09-23 17:50:33 708 275 Device001  120.7181  24.1376 0 2025-09-23 17:50:33
-1 UserStaff_UpDownRelation |H1140806 Device001 Device001  2025-09-23 17:50:36 707 275 Device001  120.7181  24.1376 0 2025-09-23 17:50:36
~ . information_schema
. H1140806 Device001 Device001  2025-09-23 17:50:39 705 275 Device001  120.7181  24.1376 0 2025-00-23 17:50:39

Fig. 3. (Color online) SQL database operations of the smart temperature monitoring system by phpMyAdmin.

2.4 Support vector machine theory and classification algorithm

The objective of SVM is to perfectly separate data belonging to different classes and to
identify a decision boundary that maximizes the margin between two classes. The decision
boundary is not necessarily linear; in many cases, it can be nonlinear. The following SVM
equations are derived based on existing literature.?® The SVM algorithm assumes perfect
reparability and attempts to find an optimal decision boundary (hyperplane) under this
assumption by adjusting parameter weights so that the margin between two classes is
maximized. We first assume the hyperplane equation

WIX+b=0. M

Here, W is the normal vector to the hyperplane, which is perpendicular to the plane. Therefore,

. .w . . . .
the unit normal vector is W Consider a data point located at X and another arbitrary point X,
on the hyperplane. The vector from X, to X is X — X,,. The projection of this vector onto the unit

normal vector gives the shortest distance from the data point to the hyperplane:

W (X-X
d= Pr(x-x) . )
d
Since X, lies on the hyperplane, it satisfies W7X, + b = 0, and substituting yields
g WX +b| -
i

For a set of linearly separable binary data, we want the hyperplane to be as far away from
both classes as possible, creating a margin that contains no data points. Let the boundaries of
this margin be

WiX +b=+1. @)
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By appropriately scaling /¥ and b, the hyperplane equation remains unchanged, W7X + b = 0.
From the distance formula above, the margin between the hyperplane and the boundary is

1
margin = W . )

Data points that lie exactly on the margin boundary satisfy
P X (WTXn + b) =1 (Support vector). ©6)
For all data points, the constraint becomes

v, x(WTXn +b)21 (All data) . )

1
In summary, the goal of Hard-Margin SVM is to maximize the margin (W ) while satisfying
T

the constraint y, x (W’X, + b) > 1, n = 1. This is equivalent to minimizing ( v ). A kernel

2
function enables an implicit mapping into an infinite-dimensional feature space Z,(X,) * Z,,(X,,)

Instead of explicitly performing a nonlinear transformation from the original space X to a new
space Z, the kernel computes the inner product directly.

K(X,.X,,)=Z,(X,)xZ,(X,) )

This avoids the computational complexity associated with explicit feature transformations.
Common kernel functions include the following:

Linear: K(X,X')=X"X, ©)
Polynomial: KQ(Xn,Xm)=(§+}/XnT+Xm)Q, (10)
Gaussian (RBF): K (X,,X,,)= exp(—y|Xn - X, |2). (11)

The Gaussian kernel provides infinite-dimensional nonlinear transformation capability using
only the original features. Physically, the kernel represents the “similarity” (inner product)
between two vectors in the transformed space. When two vectors are identical (X, = X)), the
Gaussian kernel yields a maximum value, indicating high similarity.
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Under the constraints a, > 0 and Y a,y, = 0, the kernel hard-margin SVM solves for the
Lagrange multipliers a, by minimizing the dual objective function. Specifically, this optimization
1
problem is defined to minimize the equation Eznzmanamynym K(X,,X,)- Znan .

Once a, values are obtained, the hyperplane parameters W and b can be computed. Only
support vectors contribute (@, > 0).

W=y Gy (12)
b:ysv_znanynK(Xn’st) (13)

Simulated results show that the decision boundary changes with different
K(Xn,Xm):exp(—;/P(n—Xm|2)values.

However, the hard-margin SVM is highly susceptible to overfitting because it does not
tolerate noise. Therefore, the soft-margin SVM is introduced. The soft-margin SVM introduces
slack variables ¢,, which represent the degree to which a data point violates the margin
constraints. These violations are incorporated into the cost function. A penalty parameter C
controls tolerance to noise: a large C presents low tolerance (strict classification), and a small C
presents high tolerance (more flexible).

o 1
The optimization problem becomes [5 anmanam YV K (X . ¢ ) - Znan } .

This is identical to the hard-margin SVM except a,, is now upper-bounded by C.

The soft-margin SVM with Gaussian kernels can tolerate classification errors while avoiding
overfitting when parameters are selected appropriately. To evaluate model performance, binary
classification metrics are introduced before extending them to three-class classification. In the
confusion matrix:

True Positive (TP): Model predicts “yes”, and true label is “yes”.

True Negative (TN): Model predicts “no”, and true label is “no”.

False Positive (FP): Model predicts “yes”, but true label is “no”.

False Negative (/’NV): Model predicts “no”, but true label is “yes”.

Accuracy is defined as

TP+ TN
TP+TN+FP+FN

Accuracy: (14)

It is evident that the Gaussian kernel with the soft-margin SVM significantly improves
classification accuracy compared with linear and polynomial kernels. Remaining errors are due
to extremely close raw data points. Improving the training dataset can further enhance accuracy.
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3. Operational Efficiency Analysis of the Smart Specimen Transport Box
3.1 System architecture and design workflow of the smart specimen transport box

The device box shown in Fig. 4 uses the TTGO T18 V3.0 (ESP32 development board) as its
core, powered by an independent 18650 lithium battery (3200 mAh). On the hardware input side,
the device is equipped with a DHT22 temperature and humidity sensor, a NEO-M8N GPS
module, and an RC522 RFID module, which are used for environmental monitoring, location
tracking, and identity verification during handover. All sensor signals are processed and
integrated by the development board. The output components include a 128x64 OLED display,
LED indicators, and a buzzer, which provide information display and on-site alert functions.
Operation buttons support mode switching. All circuits and sensors are integrated into a
3D-printed PLA enclosure designed with one main body and four cover pieces. Sensors are
mounted in fixed positions on the main body, with wiring routed through openings to the TTGO
T18 V3.0. Once the covers are attached from front to back, all components are securely fixed.
The 3D-printed enclosure emphasizes durability and the prevention of accidental activation.

* The power button is flush with a recessed groove to avoid unintended shutdown during
transport.

* Operation buttons follow a fool-proof interaction design (double-click to switch modes, long-
press to enter settings, short-press to adjust, long-press to apply), reducing the risk of
operational errors that can disable alarms.

This design ensures continuous measurement and reliable alerts in real transport scenarios as
shown in Fig. 5, supporting the research goals of traceability and real-time warning capability.
The web front end includes four major functional tabs for administrators: (1) Basic settings: Add
hospital personnel and devices to the database for later event binding. (2) Permission
management: Adjust hierarchical access levels to prevent unauthorized personnel from viewing
confidential data. (3) Event settings: Create new events by specifying time, location, personnel,
and devices. All parameters related to specimen and device boxes are configured here. (4) Scan
management: Require personnel identity verification. Once authorized, users may add new
specimens and edit medical record information.

(®)

Fig. 4. (Color online) (a) Explosion diagram, (b) device, and (c) specimen transport box.
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Fig. 5. (Color online) System operation structure of specimen transport box.

To clearly define the system’s structural contribution, it is essential to emphasize that the
proposed architecture operates as an “event-driven” monitoring system, rather than a mere
passive data logger. Traditional data recording systems passively log environmental metrics (e.g.,
time, temperature, and humidity) without contextualizing the logistics workflow. In contrast,
our system’s web frontend, backend, and SQL cloud database are structurally driven by “Events”.
Upon initiating a transportation task, the system generates a unique Event Serial Number
(EventSN). All subsequent logistical processes—including device binding (e.g., assigning a
specific device to an event), personnel authorization, and handover procedures (e.g., transferring
custody from one personnel to another)—are dynamically linked to this specific EventSN. This
event-driven architecture ensures that every piece of uploaded sensor data is strictly
contextualized within a verifiable chain of custody, transforming raw data recording into a
comprehensive, accountable, and traceable medical logistics management system.

During event creation, the system automatically generates a unique event identification (ID),
which can later be queried through the SQL database. Users must specify the event start time,
end date, and event name; modifications are restricted to authorized users to prevent data errors
by junior staff. The event description field allows personnel to record notes such as discrepancies
between expected and actual specimen counts. Related personnel and devices may then be
added, and after specimen collection, both the device and specimen boxes are placed together for
transfer using the “Transfer Device” function. Before transfer, the “Add Patient” function allows
users to input medical record data and notes to ensure that each specimen is properly documented
prior to handover and transport.

The interface also provides a Device Status section where users can view real-time
temperature, humidity, GPS location, and the travel path of each device, allowing the full
monitoring of environmental conditions during transport. The specimen handover process is
designed to ensure specimen traceability and clear accountability. Starting from event creation,
the workflow includes adding personnel and devices, completing specimen collection, entering
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medical record data, binding the device box with the specimen box, placing the specimen into
the box, adding notes, and beginning the formal handover process. Handover can occur multiple
times as needed until the specimen reaches the target hospital. To support flexibility across
various operational scenarios, the system provides three types of operation interface (web via
PC and mobile, LINE@ via mobile, and mobile app) and two scanning methods (RFID and QR
Code). On the web interface, the system is already linked to the user account; handover is
completed by scanning the personnel badge via RFID or a QR code scanner. For LINE@, the
user must first bind the account; selecting “Start Handover” activates the device box RFID
module, and scanning the personnel badge completes the update. The mobile app allows near-
field communication (NFC) or QR code scanning, with authentication completed at first login.
All handover records are stored automatically to ensure complete traceability.

To evaluate process efficiency, ten participants were divided into two groups of five to
compare the traditional paper-based workflow with the proposed system. The paper-based
method required manual recording before and after each step, whereas the proposed system used
Google Forms with preset items and RFID-assisted automatic data filling. Results showed
approximately 10% improvement in operational efficiency, with automation reducing the risk of
missing records. To further highlight the operational advantages of the proposed system, it is
essential to compare it with existing barcode-based tracking methods. As noted by Le et al, (1)
existing barcode systems require manual, passive, and single-action scanning, which may lead
to missed or lost specimens. In the context of medical cold-chain logistics, printed barcodes are
also highly susceptible to physical damage or becoming unreadable owing to surface
condensation in low-temperature environments. Furthermore, employing a barcode system in
the proposed smart transport box presents a practical challenge during the handover phase.
Using barcodes would necessitate opening the transport box lid to scan each specimen
individually. This continuous exposure to external ambient air would induce severe internal
temperature and humidity fluctuations, directly disrupting the strict environmental integrity that
our SVM model is designed to monitor. Therefore, as emphasized by Le et al.,!!) the integration
of RFID provides a significant advantage over barcode systems because it is wireless and
contactless. RFID not only improves operational efficiency by enabling simultaneous “blind
batch reading” without opening the box, but it also ensures zero thermal disruption during the
handover process, strongly reinforcing the system’s reliability in medical specimen
transportation. A short-distance walking test (laboratory — convenience store — return) was
conducted to demonstrate workflow fluency and basic measurement continuity. Without ice
packs, temperature increased outdoors, stabilized in air-conditioned environments, and rose
again upon return—confirming successful real-time monitoring. The front end displays real-
time temperature-humidity curves and GPS trajectories; when thresholds are exceeded, the
device LED turns red and the buzzer activates. The database simultaneously marks the record as
an abnormal event for auditing and traceability. In this dynamic transport experiment, data were
primarily transmitted via a Wi-Fi connection provided by the experimenter’s mobile hotspot
(HTTP/HTTPS POST — PHP API — MySQL). While the system architecture is fully equipped
to support NB-IoT modules for wide coverage and low power consumption, Wi-Fi was utilized
as the current practical solution due to telecommunication regulations in Taiwan, which restrict
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the purchase of NB-IoT subscriber identity module (SIM) cards to specific enterprise identities
and lack permanent data plans.

The database structure hospital. Hospital includes deviceld, temperature, humidity, longitude,
latitude, timestamp, and state (0 = normal, 1 = abnormal), with a composite index (deviceld,
timestamp) for efficient event queries and time-series visualization. The system supports three
monitoring modes (room temperature 24-28 °C, refrigerated 5—7 °C, frozen —18 to =12 °C) and a
unified humidity limit of 60% RH. When temperature or humidity exceeds limits, the device
flags an abnormal event, and the front-end query interface allows data export (CSV, TXT). To
balance resolution and server load, the device uploads data every 3 s (adjustable). This maintains
near-second-level visibility while reducing data volume by 66.7%, supporting the research goals:
traceability, supervision, and immediate response.

The abnormal alert flowchart of the system in Fig. 6 shows that the mechanism relies on
temperature and humidity data collected by the device box with three monitoring modes based
on specimen requirements (room temperature 24-28 °C, refrigerated 5—7 °C, frozen —18——12 °C).
When the temperature exceeds the mode’s range or the humidity exceeds 60% RH, the system
identifies it as an abnormal condition. During monitoring, if an anomaly is detected, the blinking
green LED changes to a steady red light, and the buzzer emits a high-frequency alarm.
Meanwhile, the device continues uploading full sensor data to the server APIL. In the SQL
database, the status field (State) switches from “0” to “1” to mark the event as abnormal. Users
can later review these records via the “Event Query” or “Abnormal Event Query” functions and
export the data for further analysis and reporting.

3.2 Long-distance transportation specimen temperature and humidity monitoring
analysis

3.2.1 Experimental scenario setup and environmental switching analysis
In this experiment, we simulated the long-distance transportation of medical specimens,
incorporating different transportation modes and environmental conditions. The long-haul
Start

Is
temperature
normal?

Initialize DHT sensor, OLED,
GPS, buzzer, Mode button, Led

Connect to Wi-Fi Turn on alert signals Turn off alert signals
(LED, Buzzer) (LED, Buzzer)
Read DHT sensor, OLED, GPS,
Mode button Update OLED
display
Choose the mode you want End

Fig. 6. (Color online) The abnormal alert flowchart relies on setting the temperature and humidity.
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transportation and handover scenario was planned from the Industrial Technology Research
Institute (ITRI) (Hsinchu, Taiwan) transferring between motorcycle and train, and ultimately
arriving at National Chin-Yi University of Technology (NCUT) (Taichung, Taiwan). The
experiment was intentionally conducted on a rainy day so that both rainfall and gusty wind
introduced strong environmental humidity fluctuations, thereby amplifying environmental
disturbances suitable for evaluating the device’s sensing performance under real-world
conditions. The mobile environmental monitoring device served as the core measurement
system, with the primary objective of observing humidity variations across different
environments (e.g., air-conditioned indoors, outdoor heavy rain, and train compartments). Figure
7 shows the humidity analysis for long-distance transportation specimens to reveal three
environment variations (variations 1-3).

The experiment began at the ITRI dormitory in Hsinchu. The device was activated at 17:50
inside an air-conditioned indoor environment at approximately 27.5 °C. At 17:53, upon stepping
outdoors into the rainy environment, the device was immediately exposed to rapidly increasing
humidity conditions, resulting in a significant rise in measured humidity. At 18:41, the device
entered a local train at Hsinchu Station. Owing to the train’s air-conditioning system, humidity
gradually decreased; brief humidity spikes were observed each time the train stopped and the
doors opened, presumably caused by the rapid influx of moist outside air. The air-conditioning
system then progressively restored humidity to a stable level. During train travel, environmental
changes were relatively minor, producing smooth humidity adjustments. At 19:47 upon arriving
in Taichung, the device was again exposed to heavy rain, causing another rapid humidity
increase. At 19:51, the device was transported by motorcycle to NCUT and finally reached a
non-air-conditioned indoor space at 20:23, where measurements stabilized.

For Fig. 8, this sequence of transitions—air-conditioned indoors — outdoor rain — air-
conditioned train — heavy-rain exposure — non-air-conditioned indoors—provided a
multilayered environmental cycle for examining sensor responsiveness, delay effects, and
hysteresis. The data clearly showed substantial humidity elevation in outdoor heavy rain and
gradual reduction in air-conditioned environments.

Variation 1 ~ Variation 2 Variation 3
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Fig. 7. (Color online) Humidity analysis for long-distance transportation specimens.
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Fig. 8.  (Color online) Scenario for the conditions of long-distance transportation specimen.

The plotted charts highlight humidity-change segments corresponding to train door openings
to illustrate the impact of environmental switching. Throughout the trip, the device continuously
uploaded humidity and GPS data, and the experimental schedule of environmental switching is
shown in Table 2. During outdoor movement in the rain, relative humidity repeatedly approached
saturation, while platform and train entry points revealed distinct environment switching. Time-
series inspection confirmed multiple upward—downward humidity pulses consistent with the
“door opening” events. To validate that these patterns resulted from air-mass exchange rather
than random noise, a controlled experiment was conducted. The same monitoring device was
placed inside a household refrigerator to simulate the low-temperature, low-humidity conditions
of a train compartment. The refrigerator was located in an indoor environment (~26 °C) with
humidity similar to the previous rainy-day outdoor condition. The B1-B3 regions in the chart
correspond to three 2-min door-opening intervals. When the refrigerator door opened, humidity
instantly increased and smoothly decreased after the door closed. When all segments were
aligned at t = 0 and normalized to a 0—1 amplitude scale, their peak timing, rising slope, and
relaxation behavior closely matched those observed in the real-world train data. This strong
correspondence confirms that the humidity pulses captured in the cross-city experiment are
reliable and reproducible physical phenomena, and the device is capable of detecting short-term
disturbances such as train door openings.

After examining the one-dimensional time-series data, humidity curves showed characteristic
“spike-and-decay” cone-shaped waveforms. Visual inspection alone, however, was insufficient
to determine whether these waveforms were consistent and quantifiable.

3.2.2 Analysis of the physical characteristics of abnormal waveforms

(1) Environmental delay and thermal inertia: According to the official DHT22 datasheet, the
sensor features excellent resolution (humidity 0.1% RH, temperature 0.1 °C) and repeatability
(humidity +1% RH, temperature £0.2 °C). The phase lag and smoothing phenomena observed
in the actual measurements are not numerical errors from the sensor itself. Instead, they are
physical delays generated during environmental transitions, which are limited by the thermal
insulation materials of the transport box and the internal air thermal resistance.
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Table 2
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Experimental schedule of environmental switching for the scenario conditions.

Time Location/Action Environmental conditions Notes
17:50 dormitory power-u indoor air-conditioned initial state
) yP P environment ~27.5 °C
17:52 leave dormitory and go rainfall environment begins (A) start exposure to high humidity
outdoors environment
arrive at Hsinchu station . .
. outdoor rain to semi- . . .
18:36 rear exit, prepare to enter (B) semi-enclosed space during heavy rain
enclosed space
underpass
walk onto Hsinchu station latform is an open Lo .
18:39 p . p humidity gradually recovers/rises
platform environment
18:41 enter train enter air-condi?ioned (C) prepare to compare device readings with
compartment environment train display values
18:42 train departs from Hsinchu train instrument: 23.8 °C/ (C) temperature and humidity difference shows
) station 50.9% RH the device has hysteresis and delay
. . . D) train doors open for 2 min, humidit
18:56 arrive at Zhunan station train doors open (D) °p - Y
increases
. . D) train doors close, air conditioning causes
18:58 depart from Zhunan station train doors close (D) trai . tonng cau
humidity to drop
train doors open, train . . Ly
. - . . § E) train doors open for 2 min, humidit
19:08 arrive at Miaoli station  instrument: 23.1 °C / 51.5% (E) TS OP ' 10, umicity
increases
RH
L . . E) train d 1 i ditioni
19:10 depart from Miaoli station train doors close (E) train doors ¢ 03¢, aif concitioning causes
humidity to drop
. . . F) train d for 2 min, humidit
19:35 arrive at Fengyuan station train doors open (F) train doors open fof < min, humidity
increases
depart from Fengyuan . F) train doors close, air conditioning causes
19:36 P  Tengy train doors close (F) . 8
station humidity to drop
experimenter gets off,
ive at Taich tation, devi directl . o . . .
19:47 arrive at faichung station _cevice moves airectly (G) high-humidity rapid change time period
get off into outdoor heavy rain
environment
. ti t ignificant i t on housi ist
19:51 ride scooter to NCUT continuous exposure to significant impact on housing moisture
heavy rain adsorption and sensing film hysteresis
arrive at NCUT (non-air-  naturally ventilated indoor .
20:23 ¢ Y (H) enter stable observation phase

conditioned indoor) environment

(2) Enclosure moisture absorption effect: During the design phase, the system mounted the

sensor on the outermost surface of the 3D-printed enclosure, exposing it directly to airborne

water molecules. However, when the transport box is moved from a high-humidity outdoor

environment into a dry train compartment, the water molecules attached to and permeated

within the “inner walls of the box” continuously evaporate into the air. This microscopic

phase-change process inevitably elongates the humidity decay curve significantly.

(3) Sensing film hysteresis effect (hysteresis): The capacitive humidity sensing element of the

DHT22 utilizes a polymer film. Because the film adsorbs water molecules rapidly, while the

desorption (dehydration) process is relatively slow due to internal diffusion resistance, this

inherent hysteresis characteristic of the material causes the measured waveforms to exhibit a

severe “steep-rise and slow-decay” asymmetry.
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3.3 Training samples and dataset construction
3.3.1 Dataset construction and data augmentation

In this study, our final experimental dataset consists of 40 sets, 10 of which were generated
from completely repeated field experiments under identical fixed train schedules, routes, and
rainy environments. To expand the original 10 sets converted into 40 training samples, we
generated the additional extra 30 data sets by utilizing Python signal processing libraries (such
as NumPy and SciPy) through three computational operations. During these field experiments,
the transport box was consistently placed on a seat next to the train door. These 10 sets of field
measurement data successfully captured the waveform characteristics of indoor/outdoor
humidity variations and humidity spikes caused by train door openings. However, considering
the substantial time and economic costs associated with frequent cross-city physical testing, and
to prevent the machine learning model from overfitting due to overly homogenous samples,
these significant variations were introduced to enhance the robustness of the training set.

The three operations included the following: (1) baseline shifting, which vertically shifted the
generated data on the Y-axis while maintaining the original shape and variation trends of the
feature waveforms; (2) time warping, which randomly extended or compressed the duration by
10 to 15%, thereby altering the gradual slope and time span of the waveforms; and (3) Gaussian
noise injection, which randomly inserted minute values into the overall data to strengthen the
model’s tolerance to boundary spike noise.

Regarding data scale, the data trends of train arrivals were aligned on the basis of the railway
arrival schedule. After time-axis alignment, the leading and trailing portions of the data were
truncated using the duration of the first experiment (2 h, 36 min, and 2 s) as a baseline. This
procedure was intended to eliminate the unequal time intervals between device power-up and
the actual start of the experiment. Consequently, all data uniformly lasted for 2 h, 36 min, and 2
s per set across the 40 sets, resulting in a total duration of recorded data of 104 h, 1 min, and 20
s (374480 s). In terms of data acquisition frequency, the DHT22 sensor performed environmental
sampling at a physical frequency of once every 2 s according to its hardware specifications.
However, constrained by wireless network latency, the communication overhead of API port
handshakes, and the dynamic load conditions of the cloud server, the effective recording
frequency of the DHT22 sensor successfully uploaded and written to the database fell to
approximately once every 3 to 4 s. After division, the total number of raw temperature and
humidity samples obtained from the 40 iterations reached the total sample number of 101440.
The system lacked an interpolation mechanism; thus, missing data caused by disconnections
exceeding 1 min, which invalidated the buffer, could not be recovered. Nevertheless, the system
implemented a filtering mechanism to filter out disconnection samples with intervals greater
than 60 s, discarding invalid data (removing the sliding windows for those time segments) to
maintain the integrity of sliding windows for normal data. When these raw data underwent the
aforementioned sliding window technique with a window size of 180 s and a step size of 30 s, a
single set of data produced 204 windows (excluding invalid data discarded by the filtering
mechanism), yielding a total of 8160 feature window samples across the 40 sets of waveforms.
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3.3.2 Data preprocessing and effective sample filtering

Regarding the acquisition frequency of the DHT22 sensor, environmental sampling was
performed at a physical frequency of once every 2 s. However, constrained by wireless network
latency, the communication overhead of API port handshakes, and the dynamic load conditions
of the cloud server, the effective recording frequency successfully uploaded and written to the
database fell to approximately once every 3 to 4 s.

Regarding the preprocessing prior to feature extraction, it is necessary to separate these three
techniques, as they occupy completely different stages within our system pipeline.

Smoothing was implemented using the linear interpolation method. “Prior to” executing the
sliding window technique and feature extraction, foundational smoothing and imputation were
indeed performed on the raw time-series data. Because real-world IoT environments inevitably
encounter brief communication blind spots or data loss, linear interpolation technology was
introduced at the very front end. This repaired data gaps caused by disconnections. However, for
data losses exceeding the buffer capacity (20 records), the system lacked a corresponding
imputation technique to fill the void. Instead, it relied solely on a filtering mechanism to exclude
disconnected samples with intervals greater than 60 s, thereby discarding invalid data (i.e.,
removing the sliding windows for that specific time period) to maintain the integrity of the
sliding windows for normal data.

3.4 Annotation methodology and label generation

To define specific events occurring during transportation including the train and outdoor
environments, the labeling process utilized a developed Python software program. The input
consisted of raw data in CSV format, structured as [time, humidity, temperature], and the output
file was also in CSV format structured as [Start Time, End Time, Label Name]. In contrast to the
traditional approach of setting absolute temperature and humidity values as anomaly thresholds,
this tool adopted a “time-segment annotation” strategy. The annotation method involved manual
labeling. Before starting the annotation, users could add or select an established class (label
name). By setting the time duration to generate a label, the “start time” was first set, followed by
the “end time”. For Fig. 9, the background color between these two time points on the interface
would change to indicate a continuous and annotated segment, thereby completing a single
annotation. This approach preserved the complete physical waveform variations of the events,
enabling subsequent models to learn dynamic features with greater generalization capabilities.

The annotation rule was based on photographs taken using a mobile device (equipped with an
internet connection for accurate time updates) immediately when special events (such as
humidity spikes caused by train door openings) occurred during the data collection phase.
During the annotation phase, the exact time points were determined by reviewing the photo
information from the mobile device, which served as the basis for marking the start and end
times. The smart specimen transport box retrieved the standard network time via a Wi-Fi
connection to the internet during data collection (NB-IoT could also be used, but this experiment
primarily relied on Wi-Fi). Because the mobile device and the monitoring equipment referenced
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Fig. 9. (Color online) SVM detection results for the experimental data in Table 2: humidity (red line), temperature
(blue line), annotated train environment (orange box), and annotated outdoor environment (blue box)

the same time standard, the photograph time was considered consistent with the occurrence time
of the special events.

The time-aligned method of the door-opening events was recorded by taking a photograph
with the mobile device the moment the train arrived at the station and opened its doors; the
generation time of this photograph served as the start time for the label. Subsequently, another
photograph was taken when the RH displayed on the electronic temperature and humidity
control panel on the left side of the train door stabilized at 25%, marking the end time. (The
values displayed by the train’s equipment were not used as ground truth but rather as a unified
reference target. The purpose of this was to avoid setting the train door closure as the end time,
which would result in training samples that were very short and featured overly homogenous
characteristics, leading to a failure in training convergence.) This completed the labeling for the
“train” environment. The label for the “outdoor environment” was established by taking a
photograph with the mobile device the moment the smart specimen transport box left the air-
conditioned indoor environment, using the photograph’s generation time as the start time.
Another photograph was taken the moment the train doors closed after entering the train,
serving as the end time label.

However, considering that the established time points might not perfectly align with the
starting points of the windows, the system introduced an “Overlap Threshold” mechanism, as
shown in Fig. 10. When the thresholds of overlap ratio between the sliding window and the
manually annotated interval exceeded 50%, the corresponding supervised label was assigned to
that window. Windows that did not meet the overlap threshold were not directly discarded;
instead, they were defined as the “Non-event” category. These non-event samples constituted a
crucial negative sample space, enabling the SVM model to learn the environmental baseline of
the transport box under stable conditions and establish decision boundaries between normal and
abnormal states in the feature space, thereby effectively reducing the system’s false positive rate.

For the number of labeled events versus non-event segments, the experiments including 40
datasets were repeated in the train’s schedules and environments. As shown in Fig. 8, each
dataset consistently contains three train (intervals D—F) and two outdoor (intervals A, B, G, and
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Fig. 10. (Color online) Illustration of the overlap threshold.

H) environment label annotations. (The 40 datasets produce a total of 120 train and 80 outdoor
environment label boxes.) The remaining unannotated segments are all classified under the non-
event label. Each label occupies a varying number of windows depending on its duration. The
statistical ranges of window counts occupied by the three label categories in a single dataset
(maximum and minimum values among the 40 datasets) are detailed as follows: For the train
environment, the number of windows used in a single label box ranges from 9 to 26, the total
number for an entire dataset (three labels) ranges from 41 to 49, and the total usage across all 40
datasets is 1793 windows. For the outdoor environment, the number of windows used in a single
label box ranges from 52 to 89, the total number for an entire dataset (two labels) ranges from
138 to 169, and the total usage across all 40 datasets is 5654 windows. For non-event, the number
of windows used in a single label box ranges from 1 to 12, the total number for an entire dataset
ranges from 14 to 39, and the total usage across all 40 datasets is 713 windows. Altogether, the
40 datasets yield a total of 8160 feature windows.

3.5 Quantitative evaluation metrics and confidence level calibration of the SVM model
3.5.1 Waveform feature extraction and standardization process

Excluding terminal stations and peak hours, the time from a train door opening to closing is
approximately 1 min. To ensure that the window of experimental samples can encompass
complete features, the system’s time window length (Window Size) was set by adding 1 min
before and 1 min after the 1-min base duration, totaling 180 s. The sliding window step size (step
size) was set to 30 s, utilizing a smaller step size to increase data resolution, as shown in Fig. 11.
Concurrently, the NumPy library was utilized to perform low-level, high-performance matrix
operations for the execution of sliding window segmentation. A single dataset slid 204 times,
and the 40 sets of waveforms yielded a total of 8160 feature window samples.

For detrending, we intentionally avoided any detrending processing prior to feature
extraction. In general signal processing, detrending is employed to eliminate long-term, slow
variations. However, for the application scenario of this study, when the transport box moves
from an outdoor heavy rain environment into an air-conditioned train compartment, the
elongated waveform resulting from the slow decrease in humidity is precisely the most core
feature of the environmental transition process. If we forcibly eliminated this long-term trend
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Fig. 11. (Color online) Illustration of the relationship among the label, window size, and step size.

prior to feature extraction, it would be equivalent to destroying the critical clues that the SVM
model relies upon to identify environmental transitions. Therefore, preserving the true physical
trend of the original signals is a crucial prerequisite for the system to successfully identify subtle
environmental changes.

For the waveform feature extraction and standardization process, we adopted machine-
learning methods for feature-learning analysis. SVM was used as the classifier. Humidity time-
series data were treated as signals from which features such as local gradient changes, rising/
falling slopes, and peak widths were extracted to construct feature vectors representing
“abnormal humidity rise events”. These vectors served as the training set. The most critical step
is normalization/standardization. We indeed implemented this technique, but it was executed
“after” feature extraction, rather than before. The system utilized the sliding window to calculate
an eight-dimensional local feature vector from the original waveforms: (1) temperature mean, (2)
humidity mean, (3) temperature standard deviation, (4) humidity standard deviation, (5)
temperature local slope, (6) humidity local slope, (7) humidity peak-to-peak difference
(difference between maximum and minimum values), and (8) Pearson correlation coefficient
between temperature and humidity. Only after extracting these feature vectors did the system
utilize the StandardScaler from the Scikit-learn library to standardize these “feature vectors”,
transforming the data into a distribution with a mean of 0 and a variance of 1. This step aims to
unify the measurement scales of the data. Because the range disparity between absolute
temperatures (larger numerical values) and variation slopes (extremely small numerical values)
is substantial, standardization effectively eliminates this numerical difference. This ensures that
when the SVM calculates feature distances, each feature dimension can exert an equal level of
influence, thereby preventing the model from overly weighting features with larger numerical
values and producing bias.



2014 Sensors and Materials, Vol. 38, No. 4 (2026)

3.5.2 SVM model configuration and validation strategy

Software Framework: The entire data pipeline and model construction were based on Python
3, deeply integrating Pandas (data structuring and imputation), NumPy (matrix operations),
Scikit-learn (machine learning pipeline and model construction), as well as Tkinter and
Matplotlib (graphical annotation and visualization).

In this study, we utilized 8160 feature windows and followed an identical 8:2 split ratio. The
training set (6528 samples) was used to construct the model boundaries, while the independent
testing set (1632 samples) was used for performance validation. The program randomly extracted
and isolated 20% of the data using the parameter (random_state = 42). Consequently, the 20% of
the testing data became completely independent and never participated in the model’s training
phase. These 1632 entirely new samples were solely used in the final inference stage, where they
unidirectionally applied the scaling ratio and decision weights derived from the training set.

Core Type and Hyperparameters: The system adopted the Gaussian radial basis function
(RBF Kernel), with its hyperparameters set to C = 1.0 and y = “scale”, and activated the class_
weight = “balanced” mechanism to handle the highly imbalanced dataset. C = 1.0 successfully
achieved an optimal balance between maximizing the classification margin and tolerating
temperature and humidity noise, preventing the overfitting caused by a hard margin; meanwhile,
y = “scale” automatically calculated the kernel width on the basis of the number of features and
variance, ensuring that the high-dimensional mapped feature space was neither overly dispersed
nor overly concentrated. This facilitated finding the nonlinear decision hyperplane capable of
perfectly separating “train”, “outdoor environment”, and “non-event”.

Within the remaining 80% of the training set, to obtain the “confidence score”, the system
further integrated a fivefold cross-validation. This 80% of the data was internally subdivided
into five equal folds. The model iteratively utilized four of these folds for training, while on the
remaining one fold, isotonic regression calibration was applied to convert the SVM’s geometric
margin into a probability to serve as the confidence score.

3.5.3 Confusion matrix and quantitative evaluation metrics

We input 1632 independent test data samples into the trained SVM model for prediction and
cross-compared the predicted results with the ground truth labels to generate a 3x3 confusion
matrix. To comprehensively present the quantitative performance of the model across each
feature category, we converted the matrix into corresponding true positive (7P), false positive
(FP), false negative (FN), and true negative (TN) values for each individual class. The specific
empirical results for each metric are presented in Table 3.

On the basis of the generated confusion matrix mentioned above, we further utilized
mathematical formulas to calculate the precision, recall, Fl-score, and overall accuracy for each
category. The calculation processes for these metrics and their practical significance in medical
specimen transportation are detailed as follows.
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Table 3
3x3 confusion matrix of SVM model.

Predicted non-event Predicted outdoor Predicted train
True non-event 130 (94.9%) 0 (0.0%) 7 (5.1%)
True outdoor 30 (2.4%) 1210 (95.2%) 31 (2.4%)
True train 16 (7.1%) 1 (0.4%) 207 (92.4%)

TP

TP+ FP
Calculation process: Taking the “train” event as an example, the model made a total of 245

“train” predictions (the sum of the third column in the matrix: 7 + 31 + 207 = 245). Among these,
the number of true “train” instances was 207 (7P). Substituting into the formula: 207 / 245 =
0.84.

o Precision =

TP

TP+ FN
Calculation process: Taking the “train” event as an example, there were a total of 224 true

“train” instances in the test set (the sum of the third row in the matrix: 16 + 1 + 207 = 224).
Among these, the number successfully captured by the model was 207 (7P) and the number of
missed detections misclassified as background was 17 (FN). Substituting into the formula: 207 /
224 = 0.924.

o Recall=

s precision x recall

* Fl-score= —
precision + recall

Calculation process: The Fl-score is the harmonic mean of precision and recall. Taking the
“train” event as an example, substituting the previously calculated precision of 0.84 and the
recall of 0.92 into the formula: 2 x (0.84 x 0.92) / (0.84 + 0.92) = 0.878.

sum of correct predictions on the diagonal (total 7P)

* Accuracy =
total number of samples in the test set

Calculation process: The number of successful classifications by the model is derived from
the sum of the diagonal in the confusion matrix: comprising the correctly predicted normal
background (130) + correctly predicted outdoor (1210) + correctly predicted train (207) = 1547
records. Dividing this number by the total number of records in the test set (1632), which is
1547/1632 = 0.9479, corresponds exactly to the 95% overall accuracy presented in the report.

3.5.4 Confidence score calibration and decision threshold setting
3.5.4.1 Mathematical principles of confidence score calculation

We have supplemented the text with the precise mathematical computation process. Initially,
the underlying SVM model computes the “geometric margin” between the feature vector @(x)
and the decision hyperplane, expressed by the formula f{x) = w/@(x) + b. Given that the numerical
range of this margin spans [—o, o] and does not constitute a probability value, the system
introduces the non-parametric “isotonic regression calibration”. In contrast to traditional Platt
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scaling, which a priori assumes that the data follows a sigmoid logistic regression distribution,
isotonic regression employs a non-parametric method. This makes it exceptionally suited for
addressing the highly asymmetrical distribution of temperature and humidity features induced
by hysteresis effects in this study. This algorithm fits a step mapping function by solving for the
minimization of the mean squared error equation, miny (y; — p,)?, under the strict constraint of a
monotonically increasing condition (p; < p; for f{x;) < f(x)). For instance, when the geometric
margin is f{x) = 0.5, the function references the true distribution derived from cross-validation
and objectively maps it to p = 0.55. This mathematical procedure successfully and rigorously
transforms boundless geometric distances into true probability values bounded between 0 and 1,
which serve as the confidence scores.

3.5.4.2 Basis for threshold selection

After obtaining the scores, we discarded the default machine learning threshold of 0.5 and
strictly set the decision threshold to 0.6 on the basis of a bidirectional trade-off. The text details
an analysis of two extreme risks: if the threshold is very low (e.g., 0.5), false alarms can easily be
generated by minor waveform variations, leading to overly frequent alarm triggers and causing
clinical “alarm fatigue”. However, blindly pursuing zero false alarms by raising the threshold
above 0.7 would cause subtle but authentic physical features, such as train door openings, to be
entirely overlooked, leading to practically intolerable FN. In the practice of medical specimen
transportation, the cost of missing a true environmental exposure risk far exceeds that of a
system false alarm.

3.6 Baseline model comparative analysis: Performance comparison between decision tree
and SVM

To justify the added complexity of the SVM model and compare its performance with simpler
detection approaches, we included a simple classifier—specifically, a decision tree—as a
baseline classifier model (with a maximum depth limit of 5). Table 4 presents a detailed
comparison of precision, recall, F1-score, and overall accuracy between the two models. For the
results, refer to Table 4.

Section 3.5.3 is about calculating precision, recall, and Fl-score for the train of model type
according to the formula. For evaluating the additional features of the train, outdoor
environment, and non-event in Table 4, the precision metrics are 0.84, 1.00, and 0.74, the recall
metrics are 0.92, 0.95, and 0.95, and the Fl-score metrics are 0.88, 0.98, and 0.83, respectively.
The number of successful classifications by the model is derived from the sum of the diagonal in
the confusion matrix.

3.6.1 Precision comparison
The decision tree shows a higher precision in the “non-event” category (0.84) than the SVM

(0.74). This difference highlights how each model processes data. The decision tree acts like a
rigid, threshold-based detection method. When an abnormal event ends, it immediately cuts off
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Table 4

Comparison of evaluation metrics between SVM and decision tree.

Model type Evaluapon Non-event O.u tdoor Train Overall accuracy
metrics environment

Support — 137 records 1271 records 224 records rl;(c):t(';lrldsli‘iz)
precision 0.84 0.98 0.86

Baseline recall 0.88 0.97 0.88 95
Fl-score 0.86 0.97 0.87
precision 0.74 1.00 0.84

SVM recall 0.95 0.95 0.92 95
Fl-score 0.83 0.98 0.88

the classification, ignoring the natural delay (hysteresis) of the sensors. The SVM, however,
understands that humidity drops slowly and flexibly accommodates this natural decay as a
normal “non-event”. While this practically correct judgment mathematically lowers the SVM’s
precision by increasing FP in a rigid scoring system, it better reflects physical reality.
Furthermore, the SVM achieves a perfect 1.00 precision in the “outdoor environment” category,
proving its superior ability to accurately isolate extreme environmental changes.

3.6.2 Recall comparison

The SVM demonstrates a clear advantage in recall, especially for the “non-event” (0.95 vs
0.88) and “train” (0.92 vs 0.88) categories. In medical specimen transportation, missing a true
environmental risk (a FN) is practically intolerable. The decision tree’s lower recall shows that
its simple, threshold-based rules easily miss subtle but real physical features, such as the brief
humidity spikes from train door opening. The SVM successfully captures these minor
fluctuations, guarding normal conditions while reliably catching real anomalies.

3.6.3 Fl-score comparison

The Fl-scores are close because both are fundamentally capable classifiers. However, the
SVM slightly outperforms the decision tree in identifying the most critical dynamic events
(“outdoor environment” at 0.98 vs 0.97, and “train” at 0.88 vs 0.87). The SVM’s slightly lower
Fl-score for non-events (0.83 vs 0.86) is a worthwhile trade-off. It sacrifices a small amount of
background precision to maintain a much higher sensitivity to real anomalies.

3.6.4 Overall accuracy comparison and complexity justification

Both models achieve an identical overall accuracy of 95%. However, looking only at this 95%
can be misleading because the test dataset has a very uneven distribution of event types.
Specifically, out of the 1632 total test samples, a massive majority of 1271 samples (about 78%)
belong to the “outdoor environment” category, while the “train” event only has 224 samples.
Moving a transport box into heavy outdoor rain causes clear and extreme humidity changes.
Because this feature is so prominent, both the SVM and the decision tree can easily and
accurately identify this large group of data. This massive amount of “easy” data artificially
pushes the overall average accuracy up to 95% for both models.
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To truly compare the two models and justify the added complexity of the SVM, we must look
at how they handle the much smaller group of data that contains subtle environmental changes.
For the “train” event (only 224 samples), the SVM achieves a much higher recall (0.92) than the
decision tree (0.88). This proves that the simpler, threshold-based rules of the decision tree
mostly rely on the obvious outdoor data to obtain a high total score, but they struggle to catch
minor physical variations, such as brief train door openings. In contrast, the SVM effectively
handles sensor delays and subtle noise. Therefore, the SVM’s 95% accuracy represents true
stability and reliability in complex real-world situations, proving it as a much more practical
choice than simpler detection approaches.

3.7 Visualization of anomaly detection and IoT edge inference results

Empirical results confirm that Gaussian kernels outperform other kernel functions. Thus,
these kernels yield the highest overall control performance for the final model. Figure 9 shows
the results of training the detect model using the SVM model for Fig. 7. The method conceptually
mirrors the bounding-box feature extraction in You Only Look Once (YOLO) image detection.
Whereas YOLO learns object contours and boundaries in 2D images, in this study, we learn the
morphological characteristics of humidity waveforms in 1D time-series curves. More
importantly, compared with image-based deep learning models such as YOLO, the 1D SVM
classifier requires significantly less computational power and inference time. This low-overhead
characteristic makes the SVM model highly suitable for resource-constrained IoT edge devices,
providing rapid and efficient anomaly detection without the need for heavy graphical processing
units (GPUs). After training, the model was used to detect unseen experimental data to evaluate
whether it could still recognize the same humidity patterns across varying environments. Model
output included confidence scores indicating the similarity of detected events to the characteristic
“humidity spike caused by door opening”.

This feature-learning and validation process allowed the study to exclude variations caused
by random environmental fluctuation, measurement noise, or device delay, establishing an
analysis based on quantifiable and reproducible waveform characteristics. As a result, the “cone-
shaped humidity pulses” transitioned from subjective observations to model-recognizable
physical phenomena. Three 2-min segments (B1, B2, B3) shown in Fig. 12 were used as labeled
targets. The data-processing procedure utilized a sliding window technique with a window size
of 180 s and a step size of 30 s. To ensure labeling quality, a minimum segment duration of 60 s
was required, and a gap-merge threshold of 90 s was used to merge adjacent feature segments
into a single event.

The detection stage used data with labels defined as “train” and “outdoor environment”.
“Train” corresponded to the cooling effects of the air-conditioned compartment, whereas
“outdoor environment” corresponded to rapid humidity increases under heavy-rain conditions.
The SVM detection results in Fig. 12 show dark-blue regions classified as outdoor and light-blue
regions classified as train environments. The overall classification aligns closely with the trends,
indicating that the model successfully captured each environment’s characteristic patterns.
Some discontinuities in detected feature regions were observed. This is preliminarily attributed
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Fig. 12. (Color online) Results of training the detect model using SVM model according to Fig. 7.
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Fig. 13. (Color online) GPS track and alarm display.

to the gap-merge threshold being very low (90 s), causing segments belonging to the same event
to be separated and resulting in discontinuous classifications.

The system’s front end allows the real-time visualization of temperature/humidity curves and
GPS tracks for each device as shown in Fig. 13. When a threshold is exceeded, the device
immediately switches its LED from green flashing to solid red and activates the buzzer. The
corresponding data entry is marked as an “event-level anomaly” in the database for auditing and
traceability. The device currently uploads data via a Wi-Fi network (HTTP/HTTPS POST —
PHP API — MySQL). However, the hardware is fully compatible with NB-IoT modules. Since
NB-IoT provides wide coverage, strong indoor penetration, and low power consumption,®® it
remains the ideal communication architecture for future long-term continuous monitoring once
telecommunication constraints are resolved.

4. Conclusions

The transport box contains an embedded system, and the computer uses a human—machine
interface (HMI) to obtain the number of specimens and temperature information from the
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internal module. The hardware is then integrated with the firmware designed for the chip to

develop a software monitoring system for the specimen transport box. This system includes the

following:

(A) Specimen sending system: Allows the configuration of specimen information and required
temperature monitoring parameters.

(B) Specimen receiving system: Displays specimen information at arrival and the temperature
history during transport.

(C) Specimen transport system: Provides real-time access to specimen information and the
temperature conditions throughout the delivery process, ensuring effective temperature
control during specimen movement.

Currently, the smart specimen transport box uses Wi-Fi as the primary communication
method, relying specifically on portable mobile hotspots provided by personnel during cross-
city transit. This practical approach was adopted owing to current telecommunication regulations
in Taiwan, which restrict the procurement of NB-IoT SIM cards to specific enterprise
applications and lack permanent commercial data plans. Nevertheless, the proposed system
architecture fully supports NB-IoT integration. In future commercial or hospital-wide
deployments, transitioning to NB-IoT will allow the device to connect directly to the server
through telecom networks without relying on specific Wi-Fi service set identifiers (SSIDs),
thereby offering wider coverage, higher connection stability, lower power consumption, and
enhanced reliability for cross-site operations.

The motherboard used in this system (TTGO T18 V3.0) is equipped with 4 MB of flash
memory. In actual operation, the ESP32’s dual-core operating system (FreeRTOS), Wi-Fi
communication stack, and data acquisition firmware already occupy approximately 3 MB,
leaving only about 1 MB (1024 KB) for the serial peripheral interface flash file system (SPIFFS)
to serve as an offline data buffer. To ensure the integrity of disconnected data, the system
allocates a fixed block of approximately 35 KB for each offline cache record, which includes
sensor data, GPS sentences, and system logs. Therefore, a buffer capacity of 20 records occupies
about 700 KB (35 KB x 20). This configuration deliberately reserves a safety margin of
approximately 324 KB to prevent “Filesystem Overflow” or storage exhaustion when the buffer
is full, thereby avoiding a system crash or I/O blockage. As mentioned in Sect. 3.3, constrained
by network latency, the actual effective upload frequency of the system dynamically ranges from
once every 3 to 4 s. Consequently, this 20-record buffer capacity, dictated by the hardware
capacity limit, precisely provides the system with approximately 60 to 80 s (20 records x 3—4 s)
of disconnection protection. This precise hardware resource allocation perfectly ensures that
critical sensor data is fully preserved without loss when the device passes through temporary
communication blind spots, such as elevators or basements.

Regarding the discussion of advantages and remaining limitations, when compared with
traditional mercury and dial thermometers, the proposed device demonstrates the following
significant advantages.

1. Real-time cloud monitoring to prevent temperature and humidity fluctuations from opening

the box: traditional mercury and dial thermometers require constantly opening and closing

the transport box just to check temperature variations during specimen delivery. This process
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inevitably causes severe temperature and humidity fluctuations. In scenarios requiring strict
temperature control, the advantages of the proposed device become fully apparent: it
leverages Wi-Fi or NB-IoT technology to retrieve real-time temperature and humidity data
directly from the cloud database without the need to open the lid.

2. Support for multi-mode environmental settings and instant anomaly push notifications: The
specimen transport box features three temperature monitoring modes: room temperature
mode (24 to 28 °C, humidity below 60% RH), refrigerated mode (5 to 7 °C, humidity below
60% RH), and frozen mode (—18 to —12 °C, humidity below 60% RH). When environmental
values exceed the configured range of the current mode, the hardware immediately triggers
an alarm (the LED flashes a high-intensity red light at a 1-s frequency, accompanied by a
buzzer sound). Furthermore, when the SQL server receives the data packet and the “Status”
in the database table switches from 0 to 1, the system triggers an API to send an instant
notification to the user via the official message script service of “LINE” (a mainstream
communication app in Taiwan). This mechanism effectively resolves the flaw of traditional
thermometers placed inside the box, which fail to notify personnel of anomalies in the first
instance.

3. Integration of the SVM algorithm for dynamic decision-making and low hardware load:
Traditional microcontrollers mostly rely on if statements to set rigid threshold conditions. If
the environmental changes triggering an event are irregular, it often leads to alarms that are
difficult to trigger accurately or overly frequent false alarms. Here, the advantages of the
SVM classifier are fully realized: through supervised learning training, the decision
boundary for an event is no longer a rigid, fixed range but can flexibly adapt to complex
scenarios (such as using SVM in this study to identify special events such as the “outdoor
environment” and “train door openings”). This can also be widely applied to intelligent
alarms for temperature and humidity anomalies in the future. In addition, as a 1D time-
series-based classifier, the SVM model requires considerably shorter training and detection
times than image-processing models such as YOLO. The hardware computational
performance it demands is also far lower than those of the other image-based deep learning
models, making it highly suitable for scalable deployment on centralized cloud servers
without significant computational overhead. Despite these advantages, regarding the
remaining hardware limitations, power consumption remains a challenge. Experimental
results show that a fully charged 3200 mAh 18650 lithium battery provides a continuous
operational runtime of exactly 11 h, 35 min, and 4 s. While sufficient for single-day inter-city
transport, extending battery life will be a focus for future optimization.
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