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Recently, the multimodal and crossmodal Al techniques have attracted the attention of com-
munities. The former aims to collect disjointed and heterogeneous data to compensate for comple-
mentary information to enhance robust prediction. The latter targets to utilize one modality to predict
another modality by discovering the common attention sharing between them. Although both ap-
proaches share the same target: generate smart data from collected raw data, the former demands
more modalities while the latter aims to decrease the variety of modalities. This paper first dis-
cusses the role of multimodal and crossmodal Al in smart data analysis in general. Then, we intro-
duce the multimodal and crossmodal Al framework (MMCRAI) to balance the abovementioned
approaches and make it easy to scale into different domains. This framework is integrated into
xDataPF (the cross-data platform). We also introduce and discuss various applications built on this
framework and xDataPF.

o Introduction

rithms, products, and techniques using the prefix “smart”

to express that they have smart data in their products, such

We daily struggle with processing large amounts of (un)
intentionally-collected raw data (e.g., statistics, numbers,
texts, images, audio) to get insights from our world.
Nevertheless, smart data is a type of data we want to have
instead of dealing with raw data containing redundant,
even useless information. Smart data results from raw
data’s analysis and interpretation, making it possible to
draw value from it effectively. Hence, we need intelligent
layers to embed in data collectors and storage to produce
such smart data for further downstream applications. The
process that turns a set of raw data into smart data could

be considered smart data analytics. We can see many algo-

as smart IoT, smart dashcams, and smart clouds.

Human beings have cognition of the surrounding world
by sensing from different perspectives (e.g., see, hear, smell,
feel, taste). Hence, devices made by human beings tend to
record/capture data of the surrounding world in the same
way human beings do. Each type of data recorded/gener-
ated by a particular device/method represents how some-
thing happens or is experienced, and that representative
can be concerned as a modality. A research problem or
dataset that includes multiple such modalities is considered
multimodal, and AI techniques that deal with multimodal

are called multimodal Al
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The advantage of multimodal is that we can have joint
representative space that can compensate for the lack of
information on each disjoint modality and strengthen the
robust prediction of high-correlation modalities. Hence, we
can build models that process and correlate data from
multiple modalities.

Many surveys have been done to understand the use of
multimodal AI for smart data analysis. In reference [1], the
authors list out challenges of multimodal machine learning
(e.g., representation, translation, alignment, fusion, co-
learning), data types (e.g., texts, videos, images, audios) and
applications (e.g., Speech recognition and synthesis, Event
detection, Emotion and affect, Media description,
Multimedia retrieval). In reference [2], the authors empha-
size a particular domain computer vision, and introduce
advances, trends, applications, and datasets of multimodal
AL In this survey, the authors discuss the general architec-
ture of multimodal deep-learning, where a particular fea-
ture extraction first precedes each modality to create a
modality representation. Then, these representations are
fused into one joint representative space and project this
space into one unique similarity measure. Several deep
learning models are concerned in this survey, including
ANN, CNN, RCNN, LSTM, etc.

In reference [3], the authors mention crossmodal learn-
ing for dealing with the issue when there is a need for
mapping from one modality to another and back, as well
as representing them in joint representation space. This
direction is similar to human beings’ learning process -
composers a global perspective from multiple distinct
senses and resources. For example, text-image matching,
text-video crossmodal retrieval, emotion recognition, and
image-captioning are the most popular crossmodal applica-
tions where people can use one modality to query another
one [4]-[6]. The main difference between multimodal and
crossmodal learning is that crossmodal requires sharing
characteristics of different modalities to compensate for the
lack of information towards enabling the ability to use data
of one modality to retrieve/query/predict data of another
modality. Unfortunately, this research direction is far from
the expectation and has a big gap among research teams
and domains [7].

In light of the abovementioned discussions, we are
conducting research and development to build a multi-
modal and crossmodal AI framework for smart data
analysis. The framework aims to provide additional intel-
ligent layers to data analysis progress that can flexibly

change from using only multimodal Al, crossmodal Al, or
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hybrid multi-crossmodal Al for analyzing data. We also
introduce several instances of this framework designed for
a particular domain, such as air pollution forecast, conges-

tion prediction, and traffic incident querying.

Multimodal and Crossmodal Al
e Framework for Smart Data Analysis

We have researched and developed the Multimodal and
Crossmodal AI Framework (MMCRAI) to contribute to
the evolution of multimodal and cross-modal AI in smart
data analysis. This framework’s significant advantage is
creating a hybrid backbone that can flexibly be re-con-
structed in different ways to build a suitable individual
model for a particular problem. The framework is designed
to take into account the following criteria:

- Strengthen the robust prediction by enhancing simi-
lar modalities (i.e., multisensors capture the same
data)

- Enhance robust inferences and generate new insights
from different modalities by carrying complemen-
tary information about each other during the learn-
ing process (e.g., fusion, alignment, co-learning).

— Establish cross-modal inferences [8] to overcome
noisy and missing data of one modality by using
information (e.g., data structure, correlation, atten-
tion) found in another modality.

- Discover cross-modal attention to enhance cross-
modal search (e.g., languagevideo retrieval, image
captioning, translation) or ensure the semantic-har-
mony among modalities (e.g., cheapfakes detection).

Currently, multimodal and crossmodal approaches
work independently due to the domain-dependently inten-
tional-architecture design. Hence, a framework that allows
people to integrate multimodal and crossmodal into a
uni-progress can enhance the scaling and the ability to
connect or incorporate different uni-progresses to solve
multi-domain problems.

We design the framework as the hierarchical structure
of multimodal and crossmodal approaches where a suitable
approach can be utilized depending on the purpose of
application. Figure 1 illustrates the framework’s general
structure that aims to create a joint multimodal representa-
tion by embedding every single-modal representation into
a common representation space. The design starts with the
data pre-processing component. Here disjoint modalities
are gathered and pre-proceed, such as cleansing, fusing,

and augmenting. Next, those modalities that do not need
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Fig. 1 The multimodal and crossmodal Al framework: a general design (VAE: Variational Autoencoders, Aug-Data: Augmented Data)

to have a crossmodal translation (i.e., bidirectional map-
ping) are sent to the multimodal space component.
Applications requiring retrieval and classification tasks
without translating from the multimodal representation to
the single-modal ones can utilize this component without
going further. Applications that require crossmodal transla-
tion in addition to classification tasks, such as multimodal
query expansion and crossmodal retrieval, should go to the
joint representation space and bidirectional mapping com-
ponents. Based on this general structure, we have developed
an MM-sensing family with two representatives, MM-AQI
and MM-trafficEvent, and 3DCNN for dealing with air
pollution, safety driving, and congestion problems. While
3DCNN and MM-trafficEvent focus on multimodal and
crossmodal approaches, MM-AQI mixes both techniques.

e MM-Sensing

The MM-sensing stands for Multimedia Sensing, a

virtual intelligent sensor that can predict complex events
in the real world from multimodal observation data such
as images, videos, sensory data, and texts. As represented
in the name, MM-sensing mainly deals with multimedia
data that occupy a significant portion of data due to the
explosion of multimedia IoT devices and the high-speed
bandwidth of the Internet (e.g., 5G, 6G). Another reason
to build MM-sensing is that multimedia data contain vast
semantic meaning that is hard to extract. Hence, it could
be good to have an independent component that can
provide high-semantic information to the other processes
or applications.

The following subsections will explain how to down-
stream the general framework into different applications

running in various domains. We introduce MMAQI and

MM-trafficEvent as two downstream versions of the gen-
eral framework working in air pollution prediction and

traffic incident querying

3.1 MM-AQI: a crossmodal Al for estimating air
quality index from lifelog images

Air pollution harmfully impacts human life, including
health, economy, urban management, and climate change
[9]. Unfortunately, air pollution prediction is not a trivial
problem that can predict a new value using a sole data
source. Many factors can impact the air pollution predic-
tion, such as human activities (e.g., transportation, mining,
construction, industrial and agricultural activities),
weather (e.g., winds, temperature, humidity), and natural
disasters (e.g., volcano eruptions, earthquakes, wildfires).
Moreover, using data captured by individual modalities
may not gather complementary information to express the
correlation and causality among factors with air pollution.
Hence, the approach of multimodal learning that consoli-
dates multi modalities from various mentioned factors into
a single air pollution prediction model has become popular
[10]-[12].

Although many methods have been established to
monitor and predict air pollution, an eco-friendly and
personal-usage method is still the most significant chal-
lenge. Expensive and large-scale deployed devices that
provide high-quality air pollution data do not exist in a
dense grid in developed countries, and the situation can be
worse in developing and emerging countries. Besides, to
cope with such big multimodal data, there is a need for
supercomputers or luxury GPU servers, which makes it
hard to have an eco-friendly and personal-usage applica-
tion for personal usage.

To cope with this challenge, we design a crossmodal

161



4 AX— b7 —2FEREERIN

Sensor boxes

Time: 12:31-12:37
Place: In a park

—pm25

heartbeat —stepcount
Tweels:

2019/3/23 Sakura Matsuri

Food courtin open area
BBQ events

Lifelog cameras _

AQI
12:30:00, good

socializing, pavement,

bazaar, Beer garden \

| 12:33:00 Urban

open area, trees; nature and
clouds, smoke (AL high-
s alarm semantic
12:36:43 k____ief'_t_“_'es
open area, rees,
eaves, grass, @S]
d park, campsite qood

Fig. 2 The correlation between the surrounding environment (e.g., human activities, natural disasters) and air pollution [13]

AI, MM-AQI, a member of the MM-sensing family that
can estimate the current air pollution level (i.e., PM2.5)
using lifelog images. Lifelog images are a set of images
captured periodically for a long time by a personal camera.
MM-AQI hypothesizes that lifelog images may contain
information that correlates to air pollution. Hence, we can
use only lifelog images, plus position and time data, to
predict air pollution. The scenario is that a user takes a
picture with his/her smartphone, or a personal camera that
can connect to the smartphone, the crossmodal Al installed
in the smartphone will estimate the current air pollution
level. First, we use multimodal datasets collected from air
pollution stations, mobile devices, and lifelog cameras over
a particular area to analyze the correlation between the
surrounding environment (e.g., human activities, weather,
natural disasters) and air pollution. This step helps us de-
cide which features extracted from images can correlate
with the air quality index. In other words, we discover the
cross attention between image features and air quality index
values. Then, we build a crossmodal Al to predict the air
quality index using only lifelog images. That meant, we
need crossmodal translation to translate implicit human
activities, weather, and natural disasters from lifelogging
images to air quality index values.

Figure 2 illustrates the results of correlation analysis
between the surrounding environment and air pollution.
We recognize that lifelog images and air pollution captured
and measured at the same spatiotemporal dimension can
map from one to another and back and represent them in

joint representation space. Hence, we modify the MM-
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sensing general structure to create the MM-AQI crossmo-
dal AI to predict air pollution using lifelog images, as
depicted in Fig. 3. We keep the data-preprocessing, joint
representation space, and bidirectional mapping compo-
nents. In contrast, the multimodal space component is
replaced by the prior knowledge created by learning the
correlation among images and AQI at the same place over
time. Based on the correlation analysis on a historical da-
taset of both lifelog images and AQI, we can build the
prior knowledge to help us design global and domain-
specific features. As shown in Fig. 2, the area features such
as the green zone, dirty zone, street zone, and sidewalk
zone, and object features such as vehicles, trees, pedestrians,
and haze have a tight correlation with the fluctuation of
AQI value. Hence, we take these features as domain-spe-

cific while using deep learning embedding vectors as
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Table 1 PM2.5 Prediction Accuracy Comparison (F1-score)

Dataset |Our Model LSTM-based Prediction[14]
MNR-HCM 0.88 0.73
VisionAir India 0.87 0.82
Japan 0.92 0.84
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Fig. 4 MM-AQI: An example of high PM2.5 and human activities
captured by lifelog camera [13]. In this case, objects =
{vehicles}, areas = {dirty/dust}, and abnormal high value of
PM2.5 appear at the same place and time

global to consider both low and high-semantic features in
the joint representation space. The key idea here is to esti-
mate complete AQI from noisy and missing observations
of one sensory modality (i.e., air pollution device) using a
structure found in another (i.e., images). In other words,
with this model, we can estimate the AQI value by simply
using all features extracted from an image mapped and
linked to a proper AQI level inside the joint representation
space and by the bidirectional mapping.

The evaluation conducted using three different datasets
collected from Japan, Vietnam, and India provides an ac-
curacy of over 80% (F1-score). That is an impressive result
when running on a low-cost device (e.g., smartphones).
Besides, MM-AQI not only estimates the air quality index
but also offers several cues to understand the causality of
air pollution (Fig. 4). Thanks to MM-sensing flexible archi-
tecture, both autoencoder-decoder and transformer archi-
tectures can be applied to design MM-AQI crossmodal. For
more details, readers can refer to the original paper of
MM-AQI [13] and its extension version [14].

3.2 MM-trafficEvent: A crossmodal with attention
to query images from textual queries

Dashcam, a video camera mounted on a vehicle, has
become a popular and economical device for increasing
road safety levels [15]. A new generation of the dashcam,
the smart dashcam, not only records all events happening
during a journey but also alerts users (e.g., drivers, manag-
ers, coaches) of potential risks (e.g., crash, near-crash) and
driving behaviors (e.g., distraction, drowsiness). One of the
significant benefits of dashcam footage is that it can provide
insights from dashcam data to support safe driving [16]
(e.g., evidence to the police and insurance companies in
traffic accidents, self-coaching, fleet management).
Unfortunately, a significant obstacle to events retrieval is a
lack of searching tools for finding the right events from a
large-scale dashcam database. The conventional approach
to finding an event from dashcam footage is to manually
browse a whole video from beginning to end. It consumes
a lot of workforces, time, and money. The challenge is the
semantic gap between textual queries made by users and
visual dashcam data. It needs a crossmodal translation to
enable the ability to retrieve related data of one modality
(e.g., dashcam video shots) with data of another modality
(e.g., textual queries) [5][7].

To provide a user-friendly tool that can support users
in quickly finding an event they need, we introduce MM-
trafficEvent as a text-image crossmodal with an attention
search engine by modifying the MMCRAI general archi-
tecture. Figure 5 illustrates the design of this function.
First, we replace “Al modal” modules with encoder models
(i.e., Xception for image, BERT for text) that aim to nor-
malize and polish raw data into vector spaces. Second, we
design the attention mechanisms as the joint representative
space to provide an additional focus on a specific area that
has the same mapping from different modalities. In other
words, we utilize self and multi-head attention techniques
[17] to generate the bidirectional mapping between text
and image. In this design, we replace the joint representa-
tive space and bidirectional mapping with multi-head at-
tention block and cross-modal attention scores, depicted in
Fig. 5.

The significant difference between our model and oth-
ers is that we do not have a full training dataset of text-
image pairs. In other words, we do not have the annotation/
caption of each incident/suspect event image. Hence, creat-
ing a complete text-image crossmodal retrieval is almost
impossible by using only the dashcam video dataset. Instead

of applying crossmodal translation directly, we utilize
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Fig. 6 MM-trafficEvent: A sample of query-result outputs (a) Q: “find an accident made by a van and a red bus” [semantic level = easy], (b)
Q: “find an accident where a white truck hit a white van from behind” [semantic level = complex], (c) Q: “find a moment a truck stop
closed to the zebra zone where a lot of pedestrians and bicycles are crossing” [semantic level = most complex]. (a)(b) from 14W and

RetroTruck datasets, (c) from our dataset

word-visual attention pre-trained model for transforming
the query and the dataset to the same space (i.e., joint
representative space). We use available text-image pairs
open datasets with our datasets collected during interactive
querying with users for downstream the pre-trained
model to adapt to our domain. Hence, when users input
their textual queries, we utilize our crossmodal text-image
to find a set of sample images used again as visual queries
to search over the dashcam dataset.

We use various datasets gathered from public sources
and created by ourselves. We asked two volunteers to label
data and created a structured data set Dk = {(Ik; [Tki])}
where Ik denotes ith image, and [Tki] represents a list of
captions similar with that image. In our dataset, we have
only a set of Dk = {(Ik; [Tki])} and in practice, we also use
a dataset from RetroTruck and I4W datasets with a set of
5 captions for each image to generate the pre-trained

weight set.
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Table 2 Incident querying results using MM-trafficEvent model [19]

Parameter Value

RetroTruck and 14W datasets 854 videos (1 ~ 15 mins/each)
Number of Queries 50

Evaluation Metric P@10

Average result by naive user Avg(P@10) = 7.18/10 =~ 72%
Average result by expert user Avg(PQ@10) = 7.56/10 =~ 76%
Average finding-loops by naive user 15.3
Average finding-loops by expert user 10.8

Table 2 shows that the system has good productivity
when users almost found their results in the first round
with the average of P@10 as 7.18 (i.e., seven relevant results
over ten retrieved results at the first try). Statistically, the
system works well when finding the expected results
within 15 loops with naive users and 10 loops with expert
users. Besides, the simulation results confirm the interac-
tive GUI’s an advantage when decreasing the P@K from
200 to 10. Figure 6 illustrates one example of events re-

trieved by our system with different difficult levels of se-
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mantic levels of textual queries (i.e., easy, complex, most
complex). For more details, readers can refer to the original
paper of MM-trafficEvent [18][19]

3DCNN: A Multimodal Al Model for
Q Spatio-temporal Event Prediction

The typical approach to dealing with multimodal data
is data fusion, which aims to collect significant fragments
of an object distributed in different modalities and normal-
ize these fragments into the same space for easier manipu-
lation. Three fusion methods are popular: early, late, and
collaborative fusion [20]. The first one fuses data first and
processes the fuse data with specific models. The second
one performs data analysis of each information indepen-
dently with a particular model, then combines the outputs
as the outcome. The last one aims to promote collaboration
among modalities to achieve the ideal consensus. Hence,
we introduce a 3DCNN model with a specific collaborative
fusion mechanism, called raster-images, to fuse spatio-
temporal multimodal data into one unique data format that

up-to-date computer vision deep learning models can ef-

ficiently utilize. Unlike other multimodal methods working
with spatio-temporal data, we want to embed the spatio-
temporal dimension into our model without converting
them into an alternative space. In other words, we want to
keep the geometry topology (i.e., time and location) and
map other data into this coordination before projecting a
whole dataset to other spaces. To do that, we convert the
MMCRAI framework to have two main components:
spatio-temporal-based data wrapping and multimodal
space working as collaborative fusion and multimodal
embedding.

To conduct the collaborative fusion, we invent a new
fusion schema that can wrap different modalities into one
unique spatial modality, namely a raster image. Using hash-
ing techniques, we distribute multimodal data collected
within a specific time window into three channels (R, G,
B) of a raster image whose pixels represent particular map
areas (i.e., spatio-temporal constraints). When arranging
these raster images along a time dimension, we produce a
so-called raster video whose frames are raster images.
Hence, the raster image perfectly replaces the multimodal

space component of the general framework and guarantees
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Fig. 9 Short-term predicting results using 3D-CNN model on
traffic congestion, precipitation, and tweets data [21], based
on the raster image created as in Fig. 8

the consensus of modalities projected on the same spatio-
temporal dimension. At this stage, we can apply Al models
(e.g., CNN, LSTM, RNN, Transformer) to create multi-
modal embedding that will be utilized to predict events. In
our case, we develop a model based on 3D convolutional
neural networks (3DCNN) architecture that can extract
necessary features from a raster video input to form the
multimodal embedding. Figure 7 illustrates one of our
3DCNN models published in IEEE Big Data 2019 [21].
To demonstrate the efficiency and influence of the
3DCNN, we apply this model to predict congestion using
open data sources that can easily access in cyberspace. We
leverage our observation of the correlation between bad
weather (e.g., heavy rain, flood, snow), traffic congestion,
and human behavior (e.g., claim about congestion and/or
bad weather on SNS) during the bad period to decide
which data sources to be imported to our model. Hence,
we utilize data captured from social networks (e.g., Twitter),

meteorology agencies (e.g., XRAIN precipitation data www.
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Table 3 Traffic congestion prediction models comparison [26]
Table (measured by MAE, lower is better)
| Model [MAE“ Model [MAEI

Historical Average |10.24 Seq2Seq AT+NB [26] 8.75
Vector Autoregression| 9.44 ||Fusion-3DCNN (this work)| 8.13

diasjp.net), and traffic agencies (e.g., Traffic Congestion
Statistics Data www.jartic.or.jp) as our multi modalities.

The reason for choosing the congestion prediction
topic is that congestion is one of the most prevalent trans-
port challenges in large urban agglomerations [22].
Therefore, a robust prediction of congestion and congestion-
surrounding-environment correlation discovery using data
from different sources became the most significant demand
from society. Many researchers have developed several
multimodal AI models to predict congestion [23]-[25]. The
common idea of these methods is to create a joint multi-
modal representation by embedding every single-modal
representation into a common representation space, with
or without constraints of time and locations. Compared to
these methods, the 3DCNN model significantly differs by
turning the multimodal space or joint representation space
into a popular data format (i.e., videos) and the ability to
wrap unlimited modalities into one space without any
extra activities.

Figure 8 depicts how to wrap three different modalities
into one space. First, we convert each modality into an
individual channel by picking a data value from one mesh
code and convert it into one pixel. The (longitude, latitude)
of the mesh code is mapped into an image’s (width, height),
and the data value is normalized into [0, 255]. Then, we
merge these channels to make the raster image (R, G, B).

Figure 9 depicts one example of using 3DCNN to
predict short-term congestion using traffic congestion,
weather, and tweets data over the Kobe-Japan area. As
depicted in Fig. 9, each picture is a single-channel raster
image instance containing only congestion information
over the transportation network of the Kobe area. Each
pixel of this image reports the congestion level of one mesh
code. The brighter color is the heavier congestion. The
latest version of 3DCNN gains outstanding results with
MAE=8.13 compared to other methods, as denoted in
Table 3. For more details, readers can refer to the original

paper of 3DCNN [21] and its last extension version [26].

e Conclusions

In this paper, we comprehensively discuss the vital role
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of multiple modalities of data and crossmodal Al tech-
niques in understanding the surrounding world. We also
introduce our multimodal and crossmodal AI framework
for smart data analytics. Moreover, we present three in-
stances of this framework to tackle air pollution, traffic
incident query, and congestion prediction problems. For
each instance, we discuss the motivation and hypothesis by
which we can adjust the general framework to adapt dif-
ferent multimodal datasets and crossmodal Al to solve the
problem. In the future, we will continue to extend the
framework and develop accurate AI models to deal with
more challenges. We also want to investigate more on mak-
ing the framework able to work in a mobile environment
(e.g., IoT devices) and distributed networks (e.g., Federated

Learning).
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