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DeepMetaIoT: A Multimodal Deep Learning
Framework Harnessing Metadata for IoT Sensor

Data Classification
Muhammad Sakib Khan Inan, Kewen Liao, Haifeng Shen, Prem Prakash Jayaraman, Federico Montori, and

Dimitrios Georgakopoulos

Abstract—Internet of Things (IoT) sensor data, which cap-
ture time series physical measurements such as temperature
and humidity, often lack proper classification. This limits their
effective understanding, integration, and reuse. While sensor
metadata—textual descriptions of the measurements—is some-
times available, it is frequently incomplete or ambiguous. As
a result, classification often depends solely on the time series
data. Leveraging both time series sensor readings and textual
metadata for automated and accurate classification remains a
challenge due to the heterogeneity and inconsistency of these data
sources. In this paper, we propose DeepMetaIoT, a multimodal
deep learning framework that integrates time series and textual
data for classification. DeepMetaIoT employs a cross-residual
architecture comprising a time series encoder and a text encoder
based on a pre-trained large language model, enabling effective
fusion of both modalities. Experimental results on real-world IoT
sensor datasets show that DeepMetaIoT consistently outperforms
state-of-the-art machine learning and deep learning baselines.

Index Terms—IoT sensor data, sensor metadata, sensor time
series, deep learning, multimodal, fusion, classification

I. INTRODUCTION

IOT sensors are ubiquitous and found in many real-world
environments, such as smart cities, smart buildings, and

smart healthcare systems. They generate a vast and con-
tinuously increasing volume, variety, and velocity of sensor
data1 [1]. IoT applications analyze time series sensor readings2

to solve real-world problems, providing tremendous economic
benefits [1, 2]. A report by the McKinsey Global Institute
projected that by 2030, IoT sensors could unlock $5.5 trillion
to $12.6 trillion in global value [3].

The emergence of open IoT platforms like ThingSpeak [4]
has enabled IoT practitioners worldwide to publicly share
meaningful data collected from IoT sensors. Sensor data
sharing promotes the re-usability of sensor data from already
deployed IoT systems across the globe, supporting a wide
range of IoT applications in domains such as environmental
monitoring, healthcare, agriculture, and the energy sector [4].
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1We define ”sensor data” as the time series datastreams of physical

measurements (e.g., temperature) recorded by IoT sensors.
2The term ”readings” in this study refers to physical measurements (e.g.,

temperature, humidity, wind speed) from IoT sensors.

To facilitate sharing, utilization, integration, and repurposing
of open IoT sensor data for building public or proprietary
IoT applications, the data or sensor readings must be clearly
described, classified, or annotated using well-structured meta-
data3 following certain ontologies [5–7]. However, users of
open IoT platforms often do not follow a common ontology
or use vocabulary-based annotation methods. As a result,
the metadata describing the context of sensor readings are
frequently incomplete or ambiguous. For example, on ThingS-
peak [4], the vast majority of sensor data remain unde-
scribed or is described ambiguously. User-annotated names
for a temperature sensor, for instance, can vary significantly
across users and channels, such as “tmp”, “temp”, “T@C”
or “Teplota”. Furthermore, in the context of smart cities
and buildings [8, 9], IoT sensors are annotated using diverse
naming standards that vary across vendors. These real-world
IoT scenarios give rise to the challenge of sensor metadata
normalization [8, 9], and consequently, to the problem of
sensor data classification [10, 11] for the effective management
of heterogeneous sensor data.

The lack of universally standardized metadata can render
IoT sensor data unusable, unsharable, or even undiscover-
able [2, 12]. Furthermore, the manual classification or anno-
tation of IoT sensor data incurs prohibitive labor and time
costs [10, 13]. Nevertheless, the automated classification of
IoT sensor data using machine learning (ML) techniques
applied to sensor time series readings and/or textual metadata
offers a promising solution. For example, if the type (e.g.,
temperature, humidity, or light sensor) of an IoT sensor can
be automatically classified, it can support various real-world
IoT applications and operations such as, automatic discovery
and registration of IoT sensors in large-scale data-sharing
platforms [2], dynamic configuration of IoT systems when
new sensors are added to a network [10], and recovery of
IoT sensor type information when metadata is missing or am-
biguous due to sensor malfunction or network communication
issues [10, 14].

Recently, researchers have developed several machine learn-
ing (ML) methods such as Metadata-Assisted Classifica-
tion Ensemble (MACE) [13] and TopK Sequential Ensem-
ble (TKSE) [15] to incorporate both numerical time series
data and textual metadata for IoT sensor data classification.

3The term ”metadata” refers to textual descriptions or annotations of sensor
measurements, which helps to define and understand the data sensor generates.
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The developments have led to a semantic annotation tool
INFORM [12] that supports automated metadata annotation
for IoT sensor data. INFORM facilitates machine-to-machine
discovery of IoT sensor data so that data exchange can be
repurposed without manual intervention. MACE and TKSE
are customized filtering-based sequential ensemble learning
methods in which each classifier is independently trained on a
single source of information—either text or time series—and
then sequentially combined in different ways during testing
to produce the final classification. However, these sequential
ensemble learning methods are prone to overfitting and can not
learn relationships between data modalities. Also, the state-of-
the-art, best-performing MACE is computationally expensive.

With the advancements of deep learning in Natural Lan-
guage Processing (NLP), pre-trained Large Language Models
(LLMs) like BERT [16] and GPT [17] have demonstrated their
ability to learn semantic contextual features from unstructured
and ambiguous text data which are similar to textual metadata
from heterogeneous IoT sensors. However, to the best of our
knowledge, such advanced pre-trained LLMs have not been
adopted to learn sensor metadata embeddings4. Moreover, the
multimodal deep learning approach has not been fully explored
to effectively leverage information from both data modalities,
namely, time series sensor measurements and textual metadata.
In this study, we develop a novel multimodal deep learning
framework incorporating a cross-residual dense fusion archi-
tecture to fuse the learned latent embeddings of numerical time
series data and textual metadata. The fused representation is
then used for classification so that the relationship between
data modalities is captured. Our proposal achieves superior
classification performance in practice compared to state-of-
the-art methods. The main contributions of the study can be
summarized as follows:

• We propose a novel end-to-end multimodal deep learning
(DL) framework, DeepMetaIoT, that leverages both sen-
sor metadata (via pre-trained LLM-based text encoder)
and time series readings (via DL-based time series en-
coder) in a cross-residual dense fusion architecture for
effective IoT sensor data classification.

• We create two new multimodal IoT sensor datasets,
SensEURCity (SensEUR) and ThingSpeak–NEW (TS–
N), both containing sensor textual metadata and nu-
merical time series data. These datasets offer diverse
and representative multimodal sensor data that contribute
meaningfully to the field of IoT sensor data analyt-
ics. The TS–N dataset extends the previously proposed
ThingSpeak–MACE (TS–M) dataset [13] by retrieving
more diverse and recent sensor data from ThingSpeak [4],
with each sample collected over a longer duration of
one week (instead of one day) and an hourly sampling
frequency (instead of every 15 minutes). The SensEUR
dataset is derived from a publicly available sensor system
data archive [18] and has been pre-processed into a
multimodal IoT sensor dataset suitable for classification

4Embeddings in the context of deep learning are latent numerical feature
vector representations that capture unique pattern from data to support tasks
like classification.

tasks.
• We conduct a comprehensive and rigorous experimental

analysis to compare DeepMetaIoT with state-of-the-art
ML and DL models which demonstrates its advantage.

The rest of the paper is organized as follows: Section II
sheds light on previous related works on IoT sensor data
classification, leading to Section III, where the proposed mul-
timodal deep learning framework, DeepMetaIoT, is discussed
with model architecture and algorithmic details. Section IV
presents all the experimental results and comparisons with
previous studies to validate the effectiveness and efficiency
of DeepMetaIoT, leading to the discussions and conclusion in
Sections V & VI.

II. RELATED WORKS

In this section, we organize the related works on IoT sensor
data classification from the perspectives of unimodal (data)
classification and multimodal (data) classification.

A. Unimodal classification

In the unimodal space of IoT sensor data classification, most
previous studies focused only on classifying the numerical
time series sensor readings. Those methods include: trans-
forming time series into intermediate representations using
statistical methods like ordinal pattern transformations [11] for
class separability analysis, and incorporating string represen-
tation (symbolic approximation) [19] based transformation of
IoT time series into graph topology-based analysis [20]. More
recently, the machine learning method Random Forest was
explored by previous studies [10] in a multi-class setting to
classify IoT time series data early with less number of times-
tamps. Moreover, a deep learning method [21] was developed
to capture complex non-linear patterns of heterogeneous IoT
time series data to improve the classification performance.

In the context of smart buildings, studies either focus
on only time series sensor readings or unstructured textual
metadata of sensors. For example, Chen et al. [22] and Gao
et al. [23] incorporated pre-computed statistical features from
historical time series sensor readings for machine learning.
Other studies [8, 9, 24] utilized only textual sensor metadata
for classification. As pointed out by [12, 13, 25], unimodal
classification methods are less effective on heterogeneous IoT
sensor data. Therefore, new approaches considering both time
series sensor readings and textual metadata are desired.

There are also fundamental time series classification meth-
ods that can be adapted for IoT sensor data classification.
Those methods, though, were designed for the more regular
time series benchmark datasets [11, 26]. The methods have
evolved from the traditional distance-based classifiers such as
Dynamic Time Warping and Weighted Dynamic Time Warp-
ing [26] to the recent advanced deep learning methods [27]
such as the self-attention mechanism based transformer model
PatchTST [28], patching-guided multi-layer perception-based
model PatchTSMixer [29], and the very recent LLM-based
model OFA [30].
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B. Multimodal classification
Classification of IoT sensors sets a multimodal challenge in

learning model development with sensor metadata and time
series readings. Montori et al. [15] introduced an ensemble
machine learning approach, TKSE, which employs a two-layer
sequential ensemble of cascading classifiers for IoT sensor
data classification using both sensor readings and metadata.
In the context of smart buildings, Mishra et al. [25] proposed
a unified architecture that combines machine learning with
a set of rule-based strategies to support metadata tagging.
Recently, Montori et al. [13] introduced MACE, a state-
of-the-art ensemble machine learning framework incorporat-
ing classifier selection and ordering heuristics, and several
class filtering strategies. All these methods use distance-
based string-matching classifiers to deal with sensor metadata.
However, string-matching classifiers cannot learn semantic
features from the metadata text, so they are not robust to the
ambiguity and heterogeneity presented in the sensor metadata
texts [2]. Moreover, these methods train time series and text
classifiers independently and then form an ensemble for final
classification. The relationship between time series and text
modalities can not be learned through such ensemble methods.

In the space of deep learning, recent development has
witnessed several multimodal architectures such as ALBEF
(Align Before Fuse) [31] and CLIP (Contrastive Language
Image Pre-training) [32], both following a transformer-based
cross-attention mechanism (with late fusion) to fuse multi-
modal features. This attention-based fusion strategy works
well in general vision-language tasks where multimodal fea-
tures share common or complementing information at the
feature level. However, this approach is not particularly useful
in the IoT sensor data classification domain (as also verified
in our experiments), because textual metadata and time series
readings do not align well at the feature level, unlike typi-
cal multimodal language-vision tasks [33, 34], where feature
alignments commonly exist.

Previous efforts in other domains have been made by Ro-
drigues et al. [35] to combine time series data and textual data
for taxi demand prediction. Their method utilized a common
concatenation fusion strategy. A clear research gap exists
in developing a multimodal deep learning framework that
effectively utilizes time series readings and textual metadata
for IoT sensor data classification.

III. THE DEEPMETAIOT FRAMEWORK

In this section, we delve into the details of our proposed
multimodal deep learning framework DeepMetaIoT. Deep-
MetaIoT’s architecture can be divided into a deep learning-
based Time Series Encoder, LLM-based Textual Metadata
Encoder, and the key module of Multimodal Fusion. An
overview of the framework is depicted in Fig. 1. From the
figure, it can be seen that DeepMetaIoT incorporates both
sensor readings and metadata as its inputs for the classification
process. DeepMetaIoT embeds time series readings and meta-
data text with specific deep learning encoders and later fuses
the encoded embeddings with our novelly designed two-way
cross-residual dense fusion module for a joint learning process,
effectively leveraging information from multiple domains.

A. Deep Learning based time series encoder

Let’s define s as the one-dimensional vector containing time
series data from an IoT sensor, where s ∈ Rt×1 and t denotes
the length of time series. Then the two-dimensional vector
S = [s1, s2, . . . , sn−1, sn] contains a total of n time series
reading samples. In DeepMetaIoT, the raw sensor readings
si ∈ S are fed into a time series encoder (Er) to capture time
series features and generate a latent feature space vector Ts for
each si. For this time series encoder, we have adopted our pre-
vious DeepHeteroIoT [21] model with several modifications.
DeepHeteroIoT was originally designed to capture complex
non-linear local and global features from heterogeneous IoT
time series data. It consists of a set of convolutional blocks
composed of Convolutional Neural Network (CNN) layers
and one block containing a stack of Bi-GRU (Bidirectional
Gated Recurrent Unit) layers. To adopt it into DeepMetaIoT
as the time series encoder, we first exclude its MLP Classifier
module (a stack of feedforward layers) after the depth-wise
concatenation layer of global and local features. Furthermore,
we add a Masking Layer5 as the very first layer of the time
series encoder to enhance the encoder’s capability to deal with
missing values in the sensor readings. The additional masking
layer would allow our updated encoder to reason the presence
of missing values in the original time series reading and learn
the model weights accordingly. The above operations can be
mathematically represented as below:

Ts = Er(si) , (1)
Er(si) = concat(conv(si),gru(si)) . (2)

B. LLM-based textual metadata encoder

As discussed earlier in Related Works, string-matching clas-
sifiers cannot learn semantic features from the metadata text,
limiting the value of metadata. On the other hand, pre-trained
large language models (LLMs) can uncover semantic rela-
tionships between texts through generated high-dimensional
latent-vector representations, known as text embeddings. Pre-
trained LLMs which are trained using siamese BERT net-
works (also called as sentence transformers) [36] to compute
similarity between texts or sentences can be incorporated to
generate numerical text embedding for a variety of natural
language processing tasks. This pre-training [36] has already
demonstrated its effectiveness in tasks such as semantic search,
semantic textual similarity, and paraphrase mining.

In our proposed framework, we integrate a state-of-the-art
lightweight LLM model, MiniLM [37], one of the small-
est and fastest sentence transformer models [36] to support
scalable IoT deployments. MiniLM is pre-trained using the
Sentence Transformer framework [36] to generate numerical
embeddings from the textual metadata of IoT sensors within
DeepMetaIoT. This process transforms raw textual metadata
into high-dimensional latent vector representations, enabling
effective sensor data classification within our proposed multi-
modal deep learning framework.

Let’s define M to contain the raw textual metadata from
sensors, where mi ∈ M. The pre-trained LLM (i.e., MiniLM)

5https://www.tensorflow.org/api docs/python/tf/keras/layers/Masking

https://www.tensorflow.org/api_docs/python/tf/keras/layers/Masking
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Fig. 1: Overview of the proposed multimodal deep learning framework DeepMetaIoT.

model incorporated into DeepMetaIoT serves as the metadata
encoder Em to generate the contextual embedding vector
Tm. MiniLM [37] utilizes a deep self-attention knowledge
distillation mechanism through a teacher-student network to
compress a pre-trained LLM into a smaller and faster archi-
tecture with fewer parameters. In our proposed framework,
we incorporate this pre-trained MiniLM model that takes the
textual sensor metadata M as input and embeds each mi into a
384-dimensional dense latent vector, collectively representing
the contextual text embedding Tm ∈ R1×384. The operation
is represented as:

Tm = Em(M) (3)

C. Multimodal cross-residual dense fusion

The most crucial part of our proposed multimodal deep
learning framework is the fusion module, which presents a

novel cross-residual dense fusion strategy that effectively in-
corporates the latent feature space vectors Ts and Tm to make
best use of both modalities (textual metadata and time series
readings) for the final decision-making or classification. The
original ResNet [38] architecture introduced skip-connections
with convolutional layers for image data. A key building block
in the original ResNet architecture is defined as:

y = F(x, {Wi}) + x , (4)

where, x and y are accordingly input and output vectors for the
respective neural network layer and the function F(x, {Wi})
represents the residual mapping to be learned where Wi is the
weight vector of the respective layer i where, the layer number
increases until the last output classification layer. Inspired by
the residual architecture, we re-imagine the residual mapping
and the use of shortcut connections to build our two-way
multimodal fusion module based on dense feed-forward layers
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instead of the original convolution layers. We incorporate
dense layers in this stage, considering the better capability of
fully connected layers in dealing with the integration of en-
coded latent-representation of multimodal features along with
dimensional flexibility [39]. On the other hand, convolutions
are generally designed for image data suitable for capturing
spatial relationships [40] that are not present in encoded latent
representation. The building blocks of the two-way fusion can
be defined as:

T’s = F(Ts, {Wi}) + Tm , (5)
T’m = F(Tm, {Wj}) + Ts . (6)

Here, T’s and T’m are accordingly the resultant latent vec-
tors after learning residual mappings with F(Ts, {Wi}) and
F(Tm, {Wj}) and shortcut connection operations of F + Tm

and F + Ts respectively. Considering the weight layers, the
building block of F can be mathematically represented as:

F = W3σ(W2σ(W1x)) , (7)

where σ denotes the non-linear activation operation ReLU [41]
and x represents the input which is either Ts or Tm in two-
way parallel residual blocks as illustrated in Fig. 1. Before
applying the cross-residual operations, the dense weight layers
(e.g., W1,W2,W3) are followed by dropout layers, standard
layer normalization, and ReLU activation.

After the two-way element-wise addition operations (F+Ts

and F+Tm), we apply another dropout layers and ReLU non-
linearity over the T’s and T’m vectors to get activated T”s and
T”m. Then followed by layer normalization, we concatenate
T”s and T”m to get the fused feature vector Fc where:

T”s = σ(T’s) , (8)
T”m = σ(T’m) , (9)

Fc = concat(T”s.T”m). (10)

Finally, Fc goes through a Softmax activation layer for a
probabilistic mapping P ∈ Rc×1 over all c class labels of
IoT sensors.

P = softmax(Fc) . (11)

An algorithmic representation in pseudocode format for our
complete multimodal deep learning framework is delineated
in Algorithm 1. It can be seen from the algorithm that for
every epoch, raw data from both modalities are input into the
network, and after passing through specific encoder modules,
the proposed cross-residual dense module in-parallel takes one
modality and its alternate modality to learn cross-modal latent
features that impact the final IoT sensor data classification. The
proposed deep learning architecture is trained for 200 epochs
utilizing the cross-entropy loss function and Adam optimizer
with a common learning rate of 0.0001.

D. Justification of the neural network design

To address the structural heterogeneity between IoT sensor
time series data and textual metadata, we designed Deep-
MetaIoT with modality-specific encoders (Em for metadata
and Er for time series readings) and a novel cross-residual

Algorithm 1 DeepMetaIoT multimodal framework
Input: S and M are raw input data containing time series

reading inputs and text inputs (metadata) from IoT sensors,
respectively.

1: for Each epoch in Epochs do
2: For each si ∈ S and mi ∈ M: compute embedding

vectors Ts using Eq. 1 and Tm using Eq. 3.
3: Compute T’s using Eq. 5 and T’m using Eq. 6 after

residual mappings.
4: Perform multimodal learned feature concatenation for a

final feature vector Fc using Eq. 10.
5: Compute the classification probability distribution P

using Eq. 11.
6: Update weight vectors of respective layers based on the

defined loss function and learning rate.
7: end for
Output: P: predicted sensor class probability distribution.

dense fusion mechanism. The time series encoder (Er) cap-
tures both local and global temporal patterns, while the meta-
data encoder (Em) generates semantically rich text embed-
dings without requiring task-specific fine-tuning. Unlike tra-
ditional fusion methods that assume feature alignment across
modalities, our proposed cross-residual fusion strategy enables
modalities to influence each other through residual mappings
– as illustrated in Eq. 5 and 6, where F(Ts, {Wi}) and
F(Tm, {Wj}) denote multi-layer dense transformation func-
tions. This mechanism facilitates joint latent feature learning
despite modality asymmetry. The entire architecture forms
an end-to-end trainable pipeline, avoiding the heuristic-driven
ensemble complexity of prior state-of-the-art frameworks such
as MACE [13].

IV. EXPERIMENTS

This section details the experimental validation and analysis
to demonstrate the effectiveness of our proposed deep learning
framework DeepMetaIoT. We conduct rigorous experiments
on several multimodal IoT sensor datasets for performance
comparisons against baseline deep learning methods and state-
of-the-art machine learning methods for IoT sensor data
classification. The tested models and experiments were im-
plemented using Python programming language on top of
popular libraries such as Tensorflow, Pytorch, and Hugging-
face Transformers. The pre-trained LLM embeddings were
extracted using a Sentence Transformer library6, and the base
deep learning architecture was primarily implemented with
TensorFlow. The machine where the experiments were con-
ducted is equipped with a Linux OS (Ubuntu 20.04 LTS), a 24-
core Intel CPU (x86 64), 128 GiB of RAM, and an NVIDIA
GeForce RTX 3080 GPU. Each experiment was designed with
a stratified split over the datasets, assigning 70% to the training
set and 30% to the testing set with a random seed value of
100 for each dataset using the Scikit-Learn library to maintain
consistency with the previous benchmark study [13]. All the
models included in this study for baseline comparison were

6https://sbert.net/

https://sbert.net/
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trained and tested across all three IoT sensor datasets with
consistent experimental settings and training configurations to
ensure a fair comparison of performance against our proposed
model.

A. Datasets

In this subsection, we describe the multimodal IoT sensor
datasets containing textual sensor metadata and numerical time
series sensor readings. We utilize three such datasets in this
study7, summarized in Table I below. The first dataset is
ThingSpeak MACE, or TS–M in short, which is the only
existing multimodal open IoT sensor dataset adopted from
the previous state-of-the-art study [13]. In addition, we create
and contribute two new multimodal IoT sensor datasets, TS–
N and SensEUR, for the purposes of 1) thoroughly evaluating
our multimodal deep learning framework and 2) advancing the
development of multimodal IoT sensor data classification. The
TS–N dataset is also developed from the open IoT platform
ThingSpeak [4] (similar to TS–M), but it covers recent 5-year
data until 2024. The second new SensEUR dataset is built
from the archive [18] that stores the sensed environmental
data of several European cities. The development process of
these datasets, along with their characteristics and analysis, is
delineated in the following.

TABLE I: Summary of IoT sensor datasets. ’*’ denotes newly
developed multimodal datasets from this work.

TS–M TS–N∗ SensEUR∗

Reading Length 96 168 194
Time Series Frequency 15 mins Hourly Daily
Total Samples 2120 1023 1090
Class Labels 21 19 12

1) ThingSpeak (TS) datasets: ThingSpeak8 [4] is an online
cloud platform that offers IoT analytics facilities along with
allowing its users to send data to the cloud from IoT sensors in
real-time. ThingSpeak offers public and private channels that
users can create easily and send sensor data into channels.
The sensor data hosted via public channels is accessible to
anyone on the internet through API services. In general, the
channels have a set of information along with sensor readings.
This information includes user-annotated metadata: channel
name, channel description, a name for each data sample
or a series of sensor readings, and the latitude-longitude
data. The metadata is user-annotated, often resulting in non-
standardized, ambiguous, or incomplete information due to
the lack of standardized vocabulary guidelines for annotating
these sensor data. In this study, we utilized two versions of
datasets created from the ThingSpeak platform, which are
named ThingSpeak MACE (TS–M) and ThingSpeak NEW
(TS–N). TS–M is a benchmark IoT sensor dataset collected
by a previous study in the domain [13]. The TS–M dataset
has 21 class labels including appliance temperature, humidity,
pressure, indoor air temperature, outdoor air temperature, wind
speed, light, air quality, wind direction, wind temperature,
voltage, current intensity, wireless RSSI, heat index, dew point,

7https://github.com/skinan/DeepMetaIoT
8https://ThingSpeak.com/

rain index, UV, PM1, PM2.5, PM10, and CO2. The new
ThingSpeak dataset (TS–N) that we contributed through this
study contains all class labels of TS–M except UV and wind
temperature. Furthermore, the new dataset contains time series
sensor readings fetched from the same channels as TS–M,
but the readings are more recent (from 2019 to 2024). TS–
N also contains raw sensor name metadata (e.g., “T@C”,
“temp”, or “Teplota”) from respective channels. However,
unlike TS–M, the name metadata of TS–N does not require
preprocessing, such as English translation or noise removal.
This is more realistic but could also make the new dataset
more challenging for existing methods. Table I highlights
additional differences in terms of time series frequency and
reading length between these two datasets. TS–M and TS–
N datasets are country-wide datasets consisting of sensor data
from European countries. TS–N dataset is perceived to contain
more diverse temporal characteristics of sensor data due to
greater time points, lower frequency, and longer duration of
time series data collection. Fig. 2a and 2b below display the
statistical means and standard deviations of the time series
sensor reading data (for each timestamp by class label) in
TS–N and TS–M, respectively. It can be seen that though
drawn from similar sources, both datasets are evincing unique
temporal patterns across labels, possibly due to the variability
in sampling frequency and timestamp range. However, both
datasets are common in high-level heterogeneous patterns and
overlapping complex temporal patterns across class labels.

2) SensEURCity (abbrv. as SensEUR) dataset: The orig-
inal SenEURCity data archive [18] contains raw numerical
sensor data (non-calibrated) and textual sensor metadata from
AirSensEUR sensor systems deployed in three cities of Europe
(Antwerp, Oslo, and Zagreb). In each of these cities accord-
ingly, 30, 28, and 27 sensor systems were deployed over a
year to capture various meteorological and ambient conditions
from the outside environment. In our study, we pre-processed
these sensor readings along with the given sensor metadata to
build a combined new IoT sensor data classification dataset.
The developed IoT sensor dataset has multimodal information
including both textual metadata from sensors and time series
sensor readings against each class label. As a result, the dataset
contains 12 unique class labels which are: atmospheric pres-
sure, ambient temperature, ambient relative humidity, internal
temperature, internal relative humidity, CO, CO2, NO, NO2,
PM10, PM2.5, PM1. Fig. 2c depicts the statistical means and
standard deviations of the time series sensor readings in the
SensEURCity dataset. It can be seen that though the temporal
patterns are quite separable from each other across class labels,
there exist high standard deviations of readings, indicating the
existence of variability or heterogeneity in sensor readings.
The mean values of temporal sequences or readings from the
sensor data types of atmospheric pressure, CO2, and internal
relative humidity have substantial disparity in magnitudes
compared to other types.

In addition, Fig. 3 illustrates an example of a particular
sensor’s textual metadata from the SensEURCity dataset.
The data/archive originally contains sensor readings at every
minute and commonly with missing timestamps. To develop a
dataset with another representative sensor reading frequency,

https://github.com/skinan/DeepMetaIoT
https://ThingSpeak.com/
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(a) TS–N (b) TS–M (c) SensEUR

Fig. 2: Visualization of sensor readings (mean and standard deviation) for the (a) TS–N, (b) TS–M, and (c) SensEUR datasets.
The y-axis follows a symmetrical logarithmic scale.

i.e., daily for SensEURCity vs. hourly for TS–N vs. every 15
minutes for TS–M, we first pre-process the raw data into a
mean sensor reading of each day so the dataset is reduced to
one data point per day. In the final dataset, we do not include a
data sample consisting of preprocessed daily sensor readings
if more than 25% of daily timestamps are missing over the
duration of data collection.

Fig. 3: Example of a sensor’s textual metadata from the
SensEURCity dataset.

Overall, as shown in the dataset details and the summary
provided in Table I, it is evident that the newly added
multimodal IoT sensor datasets, TS–N and SensEUR, contain
more diverse and representative data samples compared to the
existing TS–M dataset. For instance, while the TS–M dataset
includes readings over a 24-hour period for each sample, TS–
N contains 1 week of data per sample, and SensEUR provides
1 year of data per sample. As a result, the new datasets
offer greater diversity in sensor readings and better reflect the
dynamic nature of real-world environments.

Regarding the metadata, the TS–M dataset includes ex-
tensively pre-processed metadata (e.g., translated to English).
In contrast, for the TS–N dataset, we intentionally avoided
over-processing the raw metadata to preserve the diversity
and variety typically found on open IoT platforms such as
ThingSpeak [4], where data providers from different countries
or regions may use distinct dialects or language structures.

While preparing the two new IoT sensor datasets (TS–N
and SensEUR), we paid close attention to IoT data quality
evaluation frameworks [42, 43] to ensure the reliability of the
datasets used in this study. The key quality dimensions we
considered from IoT data quality include correctness, com-
pleteness, consistency, and timeliness [42, 43]. For example, in
the SensEUR dataset, to ensure the correctness of sensor read-
ings, we only included sensor data at a particular timestamp if
it successfully passed the QA/QC (Quality Assurance / Quality
Control) procedures defined by sensor providers [18]. For both
datasets, to maintain completeness and consistency, we pre-
processed the data and removed any sensor data samples with
more than 25% of missing values. Regarding metadata quality,
for the TS–N dataset, we conducted a manual review of each
sample to ensure the metadata is meaningful. Finally, both
datasets were compiled using the most recent available data
to ensure timeliness for the newly contributed datasets.

B. Performance evaluation metrics

The performance evaluation metrics used in the experiments
are as follows. They are incorporated throughout the experi-
mental validation of our proposed framework against all other
baseline methods.

• Accuracy: It indicates the percentage of IoT sensor data
that have been correctly classified from all the tested
sensor data samples.

• F1-Score: It is the harmonic mean of Precision and Recall
giving us a balanced perception of model performance.
The macro-average version of the F1-score is incorpo-
rated as a metric in our study, considering the existing
class imbalance in the IoT sensor datasets.
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C. Baselines
To demonstrate the effectiveness of our proposed deep

learning framework (DeepMetaIoT), we set recent state-of-
the-art (SOTA) models as competitive baseline methods for
comparison. Although the classification of IoT sensor (mea-
surement) types using multimodal data is a growing field, there
is a notable lack of baseline multimodal architectures. The
most relevant and recent multimodal model in this domain is
the ensemble machine learning model MACE [13], which has
four versions based on different model selection and filtering
strategies. We consider all four versions of MACE as state-
of-the-art baselines and provide rigorous experimental results
across all IoT sensor datasets. Additionally, we include the
attention-based Fusion Transformer [44] architecture to evalu-
ate a Transformer-based multimodal fusion approach across
all datasets. Finally, we also compare our proposed fusion
strategy with two commonly used fusion methods: Concat
Fusion (CF) [35] and Cross Attention Fusion (CAF) [45] to
establish a strong set of baselines. More details are given
below:

1) MACE [13]: This is our most relevant baseline model
and the biggest competitor, which was specifically designed
for the multimodal IoT sensor data classification. It is a
sequential ensemble learning model that incorporates both
textual metadata and time series sensor readings into one
unified framework by independently training multiple machine
learning models and, in the testing phase, heuristically se-
lecting and ordering the trained classifier models and incor-
porating sequential filtering strategies on the model output
classes. To handle sensor readings, MACE extracts statistical
features from time series readings for classification. For textual
metadata, MACE incorporates an NLP classifier built on a
distance-based (Damerau-Levenshtein edit distance) dictionary
classifier. In this study, we include the 4 versions of MACE:
TopK, PF (Percentage Filtering), SoF and Bruteforce search
and filtering strategy. Both TopK and PF are rank-based
adaptive strategies where the latter is a more generalized
version of the former. The SoF version can efficiently organize
the classifier models using probability distributions output by
the classifiers while the Bruteforce version tries all possible
classifier combinations and orderings, which is more accurate
than SoF but computationally much more expensive.

2) Fusion Transformer [44]: This multimodal fusion trans-
former architecture utilizes the AutoGluon-Multimodal [44]
framework, which incorporates a multi-layer perceptron
(MLP) for the time series reading component and a pretrained
BERT backbone model for the textual metadata component,
both fused using multi-head transformer modules. This archi-
tecture closely resembles recent popular transformer-based fu-
sion strategies commonly found in vision-language multimodal
domains.

3) DeepMetaIoT–CF [35]: This fusion strategy (Concat
Fusion strategy abbrv. as CF) is designed to directly concate-
nate latent-space vectors from the time series encoder and pre-
trained LLM encoder in an appending manner. Generally, it
falls into the category of late fusion strategies in multimodal
learning. This fusion strategy serves as a common baseline for
the multimodal capabilities of a deep learning model. Previous

studies [35] have utilized this type of fusion strategy for the
fusion of text data and time series data.

4) DeepMetaIoT–CAF [45]: This fusion strategy (Cross
Attention Fusion strategy abbrv. as CAF) is designed to follow
the popular attention mechanism [45] adopted in recent pop-
ular multimodal deep learning models specifically designed
for the vision-language domain [31, 32]. However, in this
strategy, the latent space vector from the time series encoder
and pre-trained LLM-based text encoder is incorporated into
the attention module in alternating query-value orientation.

D. Performance comparison : DeepMetaIoT vs. baselines

Table II present the classification performances of our
proposed multimodal deep learning framework, DeepMetaIoT,
based on standard evaluation metrics (Accuracy and F1-Score)
and against state-of-the-art baseline methods across different
multimodal datasets. Overall, it can be seen that DeepMetaIoT
has achieved the highest average accuracy and F1-score of
89.69% and 92.63% accordingly across IoT sensor datasets.
These key performance indicators of DeepMetaIoT are clearly
superior compared to the SOTA baselines presented in the
tables, demonstrating the effectiveness of our proposed multi-
modal deep learning framework. However, MACE–Bruteforce
is the second-best model in terms of average accuracy and
F1 score, with values of 86.51% and 83.34%, respectively.
MACE–SoF has shown slightly lower accuracy and F1-
score compared to MACE–Bruteforce but still outperforms
other deep learning-based models. For the SensEUR dataset,
MACE–Bruteforce and MACE–SoF demonstrate a very com-
petitive classification performance compared to DeepMetaIoT,
where DeepMetaIoT outperforms slightly by 2.14% and 0.99%
in terms of accuracy and F1 score, respectively. This indicates
that ensemble machine learning approaches could still be
highly effective in less heterogeneous datasets like SensEUR
(see Fig. 2c) where sensors come from a single domain (e.g.,
Smart City). For both the old and new ThingSpeak datasets
(i.e., TS–M and TS–N) with high data heterogeneity (see
Fig. 2b and 2a), DeepMetaIoT demonstrated a clear advantage
over the second-place MACE–Bruteforce, with an absolute
improvement in accuracy of 3.81% and 3.6%, respectively.
The Fusion Transformer model presented a competitive edge
on the TS–M dataset, achieving the second-best F1-score
with a value of 80.85%. It also performed comparably to
MACE–Bruteforce in terms of accuracy on the TS–M dataset.
However, for the other two datasets (TS–N and SensEUR),
the Fusion Transformer lagged behind significantly in both
accuracy and F1-score. As shown in Table II, the top two per-
forming classification models are DeepMetaIoT and MACE–
Bruteforce.

In terms of training efficiency, DeepMetaIoT leads with
the lowest average training time (in minutes) and the lowest
number of approximate trainable parameters (in millions) or
model size, as shown in Table III. This is because the well-
performing MACE models rely on sequential ensembles of
multiple individual classifiers, which require considerable time
to construct. In contrast, DeepMetaIoT operates as an end-
to-end pipeline without the need for sequential parameter
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TABLE II: Comparative performance on multimodal classification of DeepMetaIoT against state-of-the-art baselines across
IoT Sensor Datasets. Bold: best, Underline: second best

TS–M TS–N SensEUR Average
Accuracy F1-Score Accuracy F1-Score Accuracy F1-Score Accuracy F1-Score

MACE–TopK 84.30 68.19 71.57 76.54 91.43 93.28 82.43 79.34
MACE–PF 83.35 64.66 71.57 76.01 91.43 93.28 82.12 77.98
MACE–SoF 88.22 78.38 67.97 71.53 93.58 95.40 83.26 81.77
MACE–Bruteforce 88.50 76.70 77.45 77.91 93.58 95.40 86.51 83.34
Fusion Transformer 87.28 80.85 69.61 57.72 71.56 72.97 76.15 70.51
DeepMetaIoT–CF 87.28 69.50 67.97 56.59 94.80 95.82 83.35 73.97
DeepMetaIoT–CAF 69.86 27.41 60.46 25.84 93.27 93.63 74.53 48.96
DeepMetaIoT (Proposed) 92.31 94.61 81.05 86.90 95.72 96.39 89.69 92.63

TABLE III: Trade-off analysis between average accuracy,
training time, model size (trainable parameters), and inference
time for top baselines and the proposed DeepMetaIoT frame-
work

Average
Accuracy

Training
Time

(minutes)

Model
Size

(millions)

Inference
Time

(seconds)
MACE–SoF 83.26 210 6.86 6.5
MACE–Bruteforce 86.51 1480 772 6.5
Fusion Transformer 76.15 43 118 1.1
DeepMetaIoT 89.69 16 2.74 2.3

selection. Although MACE–Bruteforce demonstrates compet-
itive classification performance across IoT sensor datasets
compared to DeepMetaIoT, Table III shows that the av-
erage training time for MACE–Bruteforce is significantly
higher, leading to greater computational costs compared to
DeepMetaIoT and MACE–SoF. This is expected, as MACE–
Bruteforce explores all combinations of individually trained
machine learning models. As a result, it also has the highest
number of trainable parameters (approximate). MACE–SoF,
on the other hand, achieves relatively lower computational
costs by using crafted heuristics to build the ensemble model
much faster (210 minutes vs. 1480 minutes) than MACE–
Bruteforce. The Fusion Transformer architecture is faster to
train compared to MACE–Bruteforce and MACE–SoF, but it
does not achieve highly competitive accuracy or F1 scores
across IoT datasets. Inference times remain relatively low for
all models: approximately 6.5 seconds for MACE–Bruteforce,
1.1 seconds for Fusion Transformer, and 2.3 seconds for
DeepMetaIoT on average across datasets.

Therefore, DeepMetaIoT proves to be a better choice both
in terms of effectiveness and efficiency. In the context of
IoT systems, such efficiency is crucial for maintaining the
scalability of models in resource-constrained environments.

E. Ablation study

In this section, we present an ablation analysis of Deep-
MetaIoT to validate the impact of incorporating multimodality
over single-modality, and to assess the effectiveness of differ-
ent components, including the time series encoder and text
metadata encoder. Table IV provides the mean and standard
deviation of test accuracies and F1-scores for the best five
epochs of different ablation combinations, including classifi-
cation using only time series data (i.e., Time series only) and
only textual metadata (i.e., Metadata only). According to the

DeepMetaIoT architecture shown in Fig. 1, the ”Time series
only” ablation incorporates only the time series encoder from
our framework (before the softmax classification layer), while
the ”Metadata only” ablation incorporates the pre-trained LLM
text metadata encoder. We also evaluate the effectiveness of
DeepMetaIoT’s time series encoder by comparing the results
with fundamental state-of-the-art time series models such as
PatchTST [28], PatchTSMixer [29], and OFA [30]. For these
fundamental time series models, we follow the previously
described concat fusion strategy, alternating the time series
encoder component.

Finally, we conduct a rigorous experimental analysis of
DeepMetaIoT by alternating its pre-trained LLM encoder
with state-of-the-art LLM models like BERT [16] and Distill-
BERT [46], as well as the non-LLM-based word embedding
model GloVe [47]. It can be clearly seen from the Table IV
that DeepMetaIoT outperforms all other ablation combinations
across datasets, again demonstrating the framework’s effective-
ness and stability.

Furthermore, we also evaluate DeepMetaIoT framework un-
der varying degrees of missing time series sensor readings by
conducting experiments with different percentages of missing
data. From the experimental analysis, we found that as the
percentage of missing sensor readings increased, the model’s
test accuracy generally decreased, particularly when missing
values in training data exceeded 50%. For example, accuracy
on the TS–M dataset dropped from 90.89% with 10% missing
sensor readings to 83.67% with 80% missing sensor readings.
However, DeepMetaIoT still maintained commendable perfor-
mance across all datasets, never dropping below 70% accuracy.
This robustness is due to the model’s multimodal design,
which helps mitigate the impact of missing sensor readings by
leveraging textual metadata to support classification decisions.
For further improvement, missing data can also be handled
during preprocessing using various time series imputation
techniques [48].

V. DISCUSSION & LIMITATION

Compared to the existing state-of-the-art approaches, Deep-
MetaIoT is an end-to-end framework that can robustly learn
non-linear patterns from time series sensor readings and tex-
tual sensor metadata and then novelly fuse the learned patterns
for classification. With an end-to-end neural network design,
the proposed model is more scalable than the previous state-
of-the-art ensemble machine learning approach, MACE [13],
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TABLE IV: Ablation analysis of DeepMetaIoT framework in terms of Accuracy and F1-Score across IoT sensor datasets

TS–M TS–N SensEUR
Accuracy F1-Score Accuracy F1-Score Accuracy F1-Score

Time series only 78.02±0.52 39.03±1.33 59.41±0.71 52.82±0.43 94.01±0.17 95.40±0.16
Metadata only 76.36±0.14 66.01±0.45 78.50±0.43 78.78±0.14 58.10±0.00 58.56±0.00
PatchTST with meta 59.53±0.37 35.40±0.78 37.65±0.63 22.69±0.31 59.76±0.17 59.53±0.44
PatchTSMixer with meta 86.97±0.00 86.76±0.19 70.20±0.27 67.19±0.19 62.51±0.51 66.06±0.43
OFA with meta 80.13±0.24 57.84±0.50 60.00±0.37 36.56±0.51 82.32±0.50 85.00±0.46
DeepMetaIoT–GloVe 89.17±0.00 80.26±0.41 72.16±0.43 58.21±1.06 94.25±0.33 95.24±0.23
DeepMetaIoT–BERT 90.27±0.22 85.84±0.13 76.93±0.18 77.17±0.36 93.52±0.26 94.93±0.23
DeepMetaIoT–DistillBERT 90.52±0.14 87.78±0.26 80.52±0.18 84.14±0.56 95.05±0.26 95.97±0.16
DeepMetaIoT–Proposed 92.12±0.13 93.91±0.54 80.72±0.33 86.20±0.42 95.41±0.22 96.19±0.14

which is not fully end-to-end and relies on a brute-force
strategy, resulting in a computationally expensive process.

Once trained, the proposed model can be deployed on
various cloud-based systems for prediction tasks and can com-
municate with distributed IoT sensors at large scale through
APIs, thus avoiding the need for deployment on edge devices.
To assess the impact of potential communication overhead,
we conducted a lightweight simulation using the SensEUR
dataset. Each input sample consists of 192 numerical time
series values (768 bytes), along with 108 bytes of textual
metadata. The size of the trained model during inference
remains constant regardless of batch size: 2.13 million pa-
rameters for time series only, and 24.74 million parameters
for multimodal, including 22 million from the incorporated
lightweight language model. When an IoT device sends a
batch of 10 input samples (approximately 8.76 KB with 7.68
KB for time series data and 1.08 KB for metadata), the
corresponding simulated inference times were 4.18 seconds for
multimodal input and 2.64 seconds for time series input only,
including I/O time. For a batch of 100 samples, inference time
increased slightly to 5.28 seconds for multimodal input and
2.95 seconds for time series only. Considering typical network
latency ranges of 30 to 50 milliseconds over WiFi or LTE/5G,
and 1 to 10 seconds over low-power wide-area networks (e.g.,
LoRaWAN) [49, 50], the observed 2.33 second increase for
multimodal input remains within acceptable bounds.

This framework can be adopted to facilitate major chal-
lenges of automated metadata annotation problems in open IoT
platforms [2, 4, 13] and sensor metadata normalization [8, 9] in
building automation systems. In a broader sense, the applica-
tion of the framework can be extended to the QA (Quality
Assurance) process of sensor data [10] shared over distributed
networks. In addition, potential benefits of deploying this
framework in various IoT contexts include: enabling automatic
sensor discovery and registration in large-scale sensor data-
sharing platforms such as Senshamart [2]; automatic recogni-
tion of sensor types when new sensors are added to dynamic
IoT network systems [10], as commonly found in smart
applications (e.g., Smart Cities); and interpreting time series
signals when associated metadata is ambiguous due to sensor
malfunctions or communication issues [14]. Furthermore, the
proposed framework can be adapted for a wide range of
other application domains, such as demand prediction [35] and
human mobility prediction [51], where time series data can be
enriched with additional textual information to enhance the
effectiveness of complex predictive modeling tasks.

However, within the current scope of the study, our deep
learning framework operates in a supervised setting that relies
on labeled data. Metadata quality issues or missing metadata
can negatively impact the performance of the proposed frame-
work. For example, on the TS–N dataset, we observed that
the classification accuracy drops by approximately 8.5% when
the proportion of training samples affected by metadata quality
issues increases from 10% to 80%. To mitigate this, it is essen-
tial to perform rigorous quality assurance on IoT datasets by
adhering to established IoT data quality frameworks [42, 43],
with a particular focus on metadata. Furthermore, since this
study focuses on supervised classification of IoT sensor data,
one limitation is that the original sensor metadata cannot be
fully regenerated, as would be possible with text-generation
AI models. However, the sensor measurement type classifica-
tion provided by our proposed model can help recover lost
metadata information to a significant extent.

Additionally, the scarcity of large benchmark datasets in the
IoT sensor data classification domain limits the exploration of
developing large foundational learning models. These areas
warrant future attention to address the current limitations.

VI. CONCLUSION

In this study, we propose a novel multimodal deep learn-
ing framework, referred to as DeepMetaIoT, for improved
classification of IoT sensor data by incorporating both time
series sensor readings and textual sensor metadata gener-
ated from heterogeneous environments. DeepMetaIoT employs
deep time series embedding, LLM-based text embedding,
and an effective multimodal fusion strategy. Its superiority
has been extensively validated through rigorous experimental
analysis against state-of-the-art machine learning and deep
learning baselines. Additionally, this study introduces two
new multimodal IoT sensor data classification datasets to the
domain. These datasets contain more recent sensor data with
diverse configurations and more representative characteristics,
reflecting the complexity of heterogeneous IoT sensor data
environments found in real-world applications. To address
current limitations of the proposed framework, several in-
teresting and significant directions for future work can be
explored. These include adopting recent advances in generative
LLM models to generate metadata annotations, enabling direct
semantic mapping of sensor ontologies and alleviating the
issue of limited labeled data in IoT sensor data classifica-
tion. Continual learning and active learning strategies could
also be investigated to reduce the dependency on supervised
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models for continuous sensor data classification. Furthermore,
federated learning-based strategies could be integrated into the
proposed framework.
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