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Abstract

With rapid urbanization in the modern era, traffic signals from
various sensors have been playing a significant role in moni-
toring the states of cities, which provides a strong foundation
in ensuring safe travel, reducing traffic congestion and opti-
mizing urban mobility. Most existing methods for traffic sig-
nal modeling often rely on the original data modality, i.e.,
numerical direct readings from the sensors in cities. How-
ever, this unimodal approach overlooks the semantic infor-
mation existing in multimodal heterogeneous urban data in
different perspectives, which hinders a comprehensive under-
standing of traffic signals and limits the accurate prediction of
complex traffic dynamics. To address this problem, we pro-
pose a novel Multimodal framework, MTP, for urban Traffic
Profiling, which learns multimodal features through numeric,
visual, and textual perspectives. The three branches drive for
a multimodal perspective of urban traffic signal learning in
the frequency domain, while the frequency learning strategies
delicately refine the information for extraction. Specifically,
we first conduct the visual augmentation for the traffic sig-
nals, which transforms the original modality into frequency
images and periodicity images for visual learning. Also, we
augment descriptive texts for the traffic signals based on the
specific topic, background information and item description
for textual learning. To complement the numeric informa-
tion, we utilize frequency multilayer perceptrons for learn-
ing on the original modality. We design a hierarchical con-
trastive learning on the three branches to fuse the spectrum of
three modalities. Finally, extensive experiments on six real-
world datasets demonstrate superior performance compared
with the state-of-the-art approaches.

Code — https://github.com/jorcy3/MTP

Introduction
With rapid urbanization, traffic volumes continue to rise,
placing unprecedented pressure on transportation systems
(Zhou et al. 2025; Wu et al. 2025). Persistent congestion
during peak hours, delayed responses to traffic incidents,
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and imbalanced road network resource allocation not only
significantly harm the travel efficiency and experience of
citizens but also directly restrict the operational efficiency
of urban economies and environmental sustainability (Liu,
Zheng, and Yu 2025). As a core carrier reflecting how trans-
portation systems operate, traffic time series data contains
critical information such as traffic flow variations, the op-
eration status of road segments, and early signs of abnor-
mal events (Fang et al. 2025). Thorough profiling of these
data enables real-time perception and scientific assessment
of traffic conditions. It can quickly identify congested road
segments and their congestion levels to provide precise guid-
ance for traffic management authorities (Wang et al. 2024c).
Additionally, it offers data support for urban road network
planning, the optimization of public transportation routes,
and the adjustment of traffic signal timing, thereby funda-
mentally enhancing the operational efficiency of transporta-
tion systems (Xiang et al. 2025). Currently, urban traffic pro-
filing is a fundamental component for achieving intelligent
traffic management and addressing urban traffic challenges.

Traditional traffic data processing methods mostly rely on
static feature extraction, such as sliding window statistics
and support vector machines, but they assume that the data
distribution is stable and cannot adapt to the dynamic char-
acteristics of actual traffic systems (Zerveas et al. 2021). In
practice, traffic data has strong temporal dependence, i.e.,
the traffic flow characteristics of main roads during morning
peak hours are significantly different from those during off-
peak hours, and the traffic status under extreme weather may
even deviate from the conventional distribution (Cheng et al.
2021). This temporal dynamics in traffic signals leads to a
sharp decline in the accuracy of static methods in cross-time
profiling (Zhang, Chen, and He 2023). For example, a model
trained based on morning peak data will misjudge normal
traffic flow during off-peak hours as abnormal. Therefore,
designing a dedicated profiling method for the comprehen-
sive temporal features has become a fundamental research
issue for the accurate classification of traffic states.

Urban traffic profiling can be divided into two core tasks:
one is state profiling, such as smooth, slow, and congested,
and the other is event profiling, such as traffic accidents and
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road construction (Nie et al. 2023). Neural networks have
become the mainstream method due to their time series mod-
eling capabilities, e.g., SVP-T (Zuo et al. 2023) learns repre-
sentations from both the shape-level and velocity-level of the
time series for more robust feature capture. However, traffic
data has expanded from single structured time series data to
a multimodal form, such as surveillance images, text infor-
mation, and social media feedback have been incorporated
into the analysis (Wen, Ma et al. 2025). Although these data
can supplement semantic information, traditional neural net-
works are designed for a single modality and cannot achieve
deep correlation between spatial, visual and textual features,
resulting in limited utilization of multimodal information.

To meet the needs of multimodality, large language mod-
els (LLMs) based methods have gradually developed for bet-
ter urban traffic profiling. In terms of time series modeling,
TRACK (Han et al. 2025) leverages transformer-based mod-
els to learn dynamic road network and trajectory represen-
tations for better capturing spatial-temporal dynamics. Be-
sides, CAFO (Li, Wang, and Liu 2024) effectively combines
the local feature extraction capabilities of convolutional lay-
ers with the ability of attention mechanisms to capture long-
range dependencies. In terms of multimodal fusion, urban-
level CLIP (Yan et al. 2024) realizes the associated classi-
fication of urban images and texts through visual-text pre-
training. Although the above methods have made certain
progress, they still face core challenges in actual traffic sce-
narios: existing LLMs are mostly optimized for a single
modality. Large large models are good at processing image
data but are hard to parse the dynamic changes of time se-
ries features (Gruver et al. 2023). Text-Augmented Models
can understand traffic event descriptions but lack the abil-
ity to model the time dimension (Wang et al. 2024a). Time
series large models cannot effectively integrate semantic in-
formation in images and texts (Wang et al. 2024b). Despite
advancements in textual and visual large models, it has been
less investigated in traffic classification by integrating mul-
tiple modalities.

To address the above issues, we propose a new Multi-
modal framework, MTP, for urban Traffic Profiling. Specif-
ically, MTP first augments visual and text traffic profiles us-
ing the original traffic signals and then incorporates multiple
features, including temporal, visual, and textual information
for learning. The main contributions are:

• We propose a novel multimodal framework for urban
traffic profiling, which firstly augments multimodal fea-
tures on traffic signals and learns through numeric, vi-
sual, and textual perspectives in the frequency domain.

• We design a hierarchical contrastive learning on the aug-
mented image, text, and numerical value to optimize the
multimodal learning and fuse the three representations.

• Extensive experiments are conducted on six real-world
datasets, which validates the effectiveness of the pro-
posed framework compared with the state-of-the-art
baselines. We also design several ablation studies to show
the influence of three different modalities and conduct
qualitative analysis with visualization for our framework.

Related Work
Traditional Traffic Time Series Profiling. Existing meth-
ods for road traffic condition analysis mostly rely on single-
modality data. In the field of time series analysis (Fan et al.
2022, 2023), deep learning techniques such as Convolu-
tional Neural Networks (CNNs) (He et al. 2016; Alam et al.
2023), Recurrent Neural Networks (RNNs) (Jin et al. 2017;
Zheng et al. 2020), Graph Neural Networks (GNNs) (Zhang
et al. 2023; Deng, Wang, and Xue 2024), and Transformer-
based methods (Lin et al. 2022a; Zerveas et al. 2021) have
been widely used to analyze various traffic conditions. These
methods excel at processing structured time series data,
driver profiling (Cura et al. 2020), and assessing driving
risks (Abdelrahman, Hassanein, and Abu-Ali 2020). How-
ever, their core limitation lies in their unimodal nature.
Merely analyzing time series data or isolatedly analyzing
image and text information is insufficient to capture dynamic
real-world traffic conditions.
Traffic Profiling with LLMs. LLMs have powerful capa-
bilities in processing multimodal data, especially in text un-
derstanding and generalization (Khattar et al. 2019; Feng
et al. 2024), which offer new avenues to address the prob-
lem of single-modality information loss. In recent years, re-
searchers have begun to apply LLMs to the field of intel-
ligent transportation. For example, the multimodal frame-
work proposed by Qian et al. (2021) combines BERT and
ResNet to jointly capture contextual information; Chen et al.
(2024) utilize an LLM-driven framework to optimize vehi-
cle dispatching and navigation; and Yan et al. (2024) use
LLMs to enhance textual information and fuse it with im-
ages via contrastive learning to generate multimodal repre-
sentations for urban region profiling. Although these meth-
ods demonstrate the potential of LLMs, their applications
are often task-specific, which partially hinders their explo-
ration in more general road traffic profiling research.
Traffic Profiling with VLMs. VLMs have made significant
breakthroughs in jointly processing and understanding vi-
sual and textual information. Many recent works, such as
BLIVA (Hu et al. 2024), EMMA (Yang et al. 2024), and
OmniActions (Li et al. 2024), have demonstrated the power-
ful capabilities of VLMs in handling complex visual ques-
tion answering and multimodal interaction tasks. However,
these methods have not fully combined multimodal data to
generate powerful representations for road traffic profiling.
These methods indicate that VLMs can serve as a powerful
“bridge” to transform visual information into high-quality
textual information, laying the foundation for subsequent
multimodal fusion.

Despite significant progress in the fields mentioned above,
a key research gap remains: The joint modeling and fusion
of numerical, textual and visual modalities have not been
explored in urban traffic profiling, which largely hinders the
accurate prediction or classification of traffic conditions.

Problem Definition
Definition 1 (Urban Area) Given an urban area U, we can
divide it into M traffic jurisdictions. For different time inter-
vals T , a corresponding traffic status profiling is conducted.
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Definition 2 (Numerical representation) By using devices
such as sensors or cameras, we can collect data information
within an urban area U. Then, the data of urban traffic will
be stored in numerical representation, denoted as vU, which
contains information such as the traffic background, vehicle
position, environment, and item description.

Definition 3 (Image Augmented representation) The im-
age data is generated from the original traffic time series
data, denoted as gU, which enables the model to capture
spatial features from the original temporal data.

Definition 4 (Text Augmented representation) The text
data is generated from the original urban traffic data,
denoted as tU, which enables the model to capture semantic
information and from the original temporal data.

This paper mainly deals with urban traffic analysis that
focuses on traffic road conditions and vehicle flow, which
we define as a classification task. The state information of
the data includes three modalities: original numerical values
v, images g, and texts t. Given a traffic time series dataset
X = (x1, y1), (x2, y2), ..., (xn, yn), where each data in-
stance (xi, yi) contains the feature representation xi and
the types of transportation yi. Specifically, the feature repre-
sentation can be optimized through our multi-modal feature
fusion, which can be calculated by:

x′
U = H(vU, gU, tU|x). (1)

Finally, we can use the augmented representation to predict
the traffic condition through x′

U → yi.

Methodology
We propose a novel multimodal framework (MTP) for urban
traffic profiling, which learns multimodal features through
numeric, visual, and textual perspectives in the frequency
domain. As shown in Figure 1, MTP consists of three modal
encoder branches and a feature fusion scheme: a) time se-
ries modality encoder, b) vision modality encoder and c) text
modality encoder. The fused features of our framework can
simultaneously retain the temporal patterns of the numerical
modality, the intuitive patterns of the visual modality, and
the semantic information of the text modality. The follow-
ing sections will elaborate on the design of each module of
our framework.

Time Series Modality Encoder
This module mainly processes the original traffic time series
data modality with spectrum conversion technologies (Yi
et al. 2023), as shown in “a” part of Figure 1. Time se-
ries modality encoder mainly involves the semantic em-
bedding, Fast Fourier Transform (FFT), frequency-domain
multi-layer perceptions (MLPs), and inverse Fast Fourier
Transform (IFFT). Inspired by word embeddings (Mikolov
et al. 2013), we mapped the input dataX ∈ Rn×l into a hid-
den representationD ∈ Rn×l×m to introduce richer seman-
tic information, which is realized by a learnable weight vec-
torψ ∈ R1×m. The process can be denoted asD =X×ψ.

The second step is to convert the spatial domain to the
frequency domain, so that our model can extract multi-scale

features and periodic features of the traffic time series data.
Given the converted input D, the Fourier transform of the
original time series embedding is defined as:

Dv[k] =
n−1∑
i=0

Dv[i]e−j 2πki
n , (2)

where i represents the integral variable, j represents the
imaginary unit, and e−j 2πki

n = cos( 2πkin ) − j sin( 2πkin ).
Through the above process, we can obtain the numerical
spectrum at the frequency 2πki/n.

The obtained frequency components are input into the
frequency-domain MLPs, and operations are performed
through the set complex weight matrix W and bias B to
obtain the frequency-domain output result:

Hi = FMLP (Dv,W ,B). (3)

The concrete process of frequency-domain MLPs is shown
in the green box of the framework figure. The core function
of frequency-domain MLPs is to perform nonlinear mapping
and feature extraction on the frequency domain features af-
ter FFT conversion, enhancing the expression ability of the
frequency domain features to meet the requirements for cap-
turing periodic and abnormal patterns in traffic time series
analysis. Specifically, frequency-domain MLPs can be cal-
culated by:

Z = ReLU(HW +B). (4)
If the MLPs consists of l layers, then the input of each layer
is the output (Zl) of the frequency-domain MLPs of the pre-
vious layer. The complex weight matrix W fulfill the con-
dition: W = Wi + ηWj , and bias B fulfill the condition:
B = Bi + ηBj . According to the rule of multiplication
of complex numbers, we can derive the following condition
from Equation (4):

Z l = ReLU(O(Z l−1)W l
i − I(Z l−1)W l

j +B
l
i)

+ ηReLU(O(Z l−1)W l
j − I(Z l−1)W l

i +B
l
j).

(5)

where O represents the original parts of frequency com-
ponents, and I represents the imaginary parts of frequency
components.

We use Inverse Fast Fourier Transform (IFFT) to inverse
the optimized frequency-domain features to the spatial do-
main, which provides the features with frequency-domain
information. This process provide feature support in the spa-
tial domain for the subsequent feature concatenation (Con-
cat), similarity calculation, and traffic series fusion. The cal-
culation of IFFT is formularized as:

Dv[i] =
n−1∑
i=0

Dv[k]ej
2πki
n , (6)

Vision Modality Encoder
The “b” part in Figure 1 is a feature extraction module for the
visual modality. The process of the vision modality encoder
is to first convert the traffic time series data into an image,
and then perform frequency-domain processing on the im-
age to extract visual features. In our approach, the essence
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Figure 1: The overview of our framework. MTP learns multimodal features in the frequency domain from three perspectives:
numerical, visual, and textual. These modalities are fused to provide more comprehensive features for urban traffic profiling.

of image generation is to convert the spatial-domain traffic
time series data into visual images, achieving the transfor-
mation from numerical modality to visual modality. Specif-
ically, we applied the FFT to extract frequency information
from the input data as the frequency domain encoder. The
extracted frequency representations are concatenated with
the original input. Besides, we also design the periodicity
domain encoder to extract the temporal dependencies. For
each time stamp t, we use the following equation to get the
new encoder:

Pt = [sin(2πt/ϕ), cos(2πt/ϕ)], (7)

where ϕ represents the periodicity hyperparameter. These
encodings are also concatenated with the original input,
which constitutes a group of new representationsXg .

Next, we employ multi-scale convolution to extract hier-
archical temporal patterns. Specifically, we first use a 1D
convolutional layer to capture local dependencies. Among
the subsequent two 2D convolutional layers, one halves the
channel dimension, and another maps features to multiple
output channels, thereby capturing global temporal struc-
tures. The output features are resized to the desired image
dimensions via bilinear interpolation and then subjected to
normalization.

After generating the image dimensions, we use the image
encoder to obtain the numerical representations. These fea-
tures are also converted into the frequency domain by FFT,
which can be formulated as:

X g[k] =
n−1∑
i=0

Xg[i]e−j 2πki
n . (8)

In order to reduce the noise contained in the augmented
images and focus on the core information, we introduced the
finite impulse response (FIR) filter to process the features in
the frequency domain. The FIR filter is constructed based
on the “window” technique, specifically using the Hamming
window. The characteristics of the Hamming window allow
the filter to naturally aggregate the main information in traf-
fic data while smoothing spectrum fluctuations. Given the
filter length s, we can generate window function parameters
through the Hamming window function by:

ωi = 0.54− 0.46 cos(zπi/s− 1). (9)

Then, we can get the actual impulse response ri = ω[i] · r′
by multiplying the window function with the filter’s ideal
impulse response r′. These impulse responses form a filter
bank R = [r1, r2, ..., rs] with s filters. The filter bank can
divide the input spectrum into multiple sub-bands. Through
the impulse response ri of each filter, key features within
the corresponding frequency range are filtered out to avoid
interference from irrelevant frequencies. Through the spec-
trum compression, we can calculate the spectrum by:

X g
spe =

s∑
i=1

1

c
|X g|2 ⊙ ri, (10)

where c represents the length of image modality, and ⊙ rep-
resents the element-wise multiplication. Essentially, the fil-
ter is used to weighted the spectrum through this operation,
which retains important frequency components and weakens
redundant information, ultimately achieving efficient spec-
trum compression.
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To address the limitation of fixed spectrum compression
in being unable to remove high-frequency noise in traffic
image processing, average pooling is introduced. It reduces
high-frequency noise and random fluctuations by smoothing
the spectrum, preserves the overall trend to make the spec-
trum more regular, and thereby improves the efficiency of
compression algorithms and the effect of traffic image fea-
ture recognition. The average pooling process can be calcu-
lated by:

X g
pool = Average(X g

spe ⊙ δg), (11)

where δg represents a matrix that holds the corresponding
dimension with Xg

spe. In terms of cross-modal fusion, the
enhanced spectrum of images is generated with the help of
text modal information, and the formula is:

X g
out = X g

spe ⊙X t
pool, (12)

where Xt
pool represents the output of text modality with

pooling enhancement.
After pooling enhancement and spectrum cross in the fre-

quency domain, we apply the IFFT to invert the features to
the spatial representations. The IFFT of image features can
be calculated by:

Xg[i] =

n−1∑
i=0

X g
out[k]e

j 2πki
n . (13)

Text Modality Encoder
In this module, text can be pre-defined in the original traffic
time series data or generated from the input data. If a gen-
erated textual description is required, we design text gen-
eration standards shown in “c” part of Figure 1. First, we
can use LLMs (e.g., ChatGPT) to generate some item de-
scriptions, which can enhance the semantic information for
textual feature extraction. Then, more contextual informa-
tion, such as topic, background, and vehicle position, can
be extracted directly from the input data, thereby facilitating
complete textual information for traffic profiling. If the input
data already contains complete textual information, it can be
directly fed into the text encoder to generate the vector fea-
tures for subsequent processing.

Similar to the previous vision modality encoder, we use
spectrum transformation technology to convert the vector
generated by the text encoder into the frequency domain,
followed by denoising and cross-modal spectrum processing
with the image modality. Given the vector Xt generated by
the text encoder, the representation in the frequency domain
can be formulated as:

X t[k] =
n−1∑
i=0

Xt[i]e−j 2πki
n . (14)

Through FIR filter, average pooling, and cross-modal en-
hancement processing, we can calculate new spectral repre-
sentations by:

X t
out = X t

spe ⊙Average(X g
spe ⊙ δg). (15)

Finally, IFFT is applied to invert the frequency-domain
features into the spatial-domain features X t

out for further
cross-modal fusion.

Cross-modal Fusion
After each modality undergoes spectral transformation and
frequency domain processing, the feature fusion is achieved
through two schemes: contrastive learning and distribution
similarity fusion.

Contrastive Learning. In our framework, the signifi-
cance of contrastive loss lies in achieving semantic align-
ment of cross-modal features by reducing the distance be-
tween different modal features of the same traffic scene,
while increasing the distance between irrelevant modal fea-
tures, thereby enhancing the consistency of multi-modal fea-
tures. For the labeled data, we can first conduct supervised
learning to learn the supervised loss L(SUP ). Given a data
instance xi, we can get the pairwise (x′

i, si) to calculate the
supervised loss, where x′

i corresponds to the encoding fea-
ture and si corresponds to the real feature. Given a dataset
with m categories, we can divide all instances into these m
types Y = {M1,M2, ...,Mm}. For each instance, we
can define a supervised loss as Li(x

prime, si) (Lin et al.
2022b). Next, the whole supervised loss is calculated by:

L(SUP ) =
∑
X

∑
Y

(
∑

x′∈Mi

1

|Mi|
∑

s∈Mi,x′ ̸=s

[Li(x
′v, sv)

+ Li(x
′g, sg) + Li(x

′t, st)]).
(16)

Unsupervised learning mainly captures the differences
between modalities by aligning the features of different
modalities. We introduce the InfoNCE loss (He et al. 2020)
to calculate the similarity, which is defined as follows:

L(UNS) =
1

3|X|

|X|∑
i=1

[Lv(x
v
i ,x

g
i ,x

t
i) + Lg(x

g
i ,x

t
i,x

v
i )

+ Lt(x
t
i,x

v
i ,x

g
i )].

(17)
Fusion Loss. To ensure the semantic consistency of cross-

modal features, we design a distribution similarity fusion
scheme to assess the similarity between different modal
features. Specifically, we apply Jensen-Shannon (JS) diver-
gence between any two modalities to calculate the distribu-
tion similarity. Given a data instance x, its posterior prob-
ability in numerical modality can be defined as I(αv|xv).
After distribution similarity fusion, the JS divergence can be
calculated by:
∆ = (JS(I(αv|xv)||I(αg|xg)) + JS(I(αv|xv)||I(αt|xt))

+ JS(I(αg|xg)||I(αt|xt)))/3,
(18)

Then, new features after distribution similarity fusion can be
obtained through the similarity measure results, defined as:
x̂ = (1−∆)(Kvxv+Kgxg+Ktxt)+∆xv+∆xg+∆xt

(K represents the training metric of a instance x). Finally,
we use the Multi-Layer Perceptron (MLP) classifier to pre-
dict the label of each data, which is realized by minimizing
the fusion loss. Considering that urban traffic profiling is a
multi-classification problem, we introduce multi-class cross-
entropy loss to calculate the fusion loss, defined as:

L(CE) = −Ey∼Ŷ

m∑
i=1

yilog(y
′
i), (19)
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Dataset
ShapeNet TST PatchTST SVP-T LightTS ModernTCN CAFO InterpGN MTP

F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc

Chinatown 0.7206 0.7259 0.9472 0.9563 0.9714 0.9767 0.9456 0.9592 0.9680 0.9708 0.9712 0.9767 0.9784 0.9825 0.9541 0.9659 0.9820 0.9839
Melbourne 0.7186 0.7314 0.8426 0.8421 0.8897 0.8877 0.8030 0.8065 0.8670 0.8655 0.8732 0.8786 0.8876 0.8860 0.8392 0.8364 0.9669 0.9635
PEMS-BAY 0.6365 0.6790 0.6712 0.6882 0.6838 0.6929 0.6573 0.6844 0.6736 0.6860 0.6950 0.7055 0.6637 0.6840 0.6770 0.6989 0.7091 0.7200
METR-LA 0.7186 0.7314 0.7143 0.7224 0.7295 0.7425 0.7158 0.7269 0.7113 0.7229 0.7483 0.7562 0.7158 0.7266 0.7262 0.7385 0.7590 0.7684
DodgerLoop 0.1500 0.2153 0.3529 0.4125 0.5435 0.5750 0.3817 0.4250 0.5156 0.5625 0.2442 0.3750 0.3607 0.4500 0.1519 0.2250 0.5676 0.6000
PEMS-SF 0.6373 0.6503 0.7900 0.7919 0.7468 0.7446 0.8215 0.8266 0.7384 0.7514 0.7594 0.7630 0.7857 0.7919 0.6246 0.6705 0.8310 0.8227

Table 1: Overall performance comparison on all datasets. Our proposed model (MTP) is compared with state-of-the-art baselines
on metrics F1-score (F1) and accuracy (Acc). The best result is in bold, and the second-best is underlined.

where yi is the real label and y′i represents the probability
that the prediction label belongs to category i.

The objective loss consists of two parts: the contrastive
loss and the fusion loss. The full loss can be calculated by:

L = αL(SUP ) + βL(UNS) + γL(CE), (20)

where α, β, and γ are hyperparameters for balancing the
influence of different modules.

Experiments
To comprehensively evaluate the performance of our pro-
posed MTP framework, we conduct extensive experiments
on six public time series classification datasets. This section
aims to answer the following core research questions (RQs):
• RQ1: How is the performance of MTP compared against

state-of-the-art baselines?
• RQ2: What are the contributions of the core components

within MTP to the final performance?
• RQ3: How are the multimodal features learned by our

model distributed and separated in the feature space?

Experimental Setting
Baselines. Our framework is compared against 8 state-of-
the-art time series models, including TST (Zerveas et al.
2021), ShapeNet (Cheng et al. 2021), PatchTST (Nie et al.
2023), SVP-T (Zuo et al. 2023), LightTS (Zhang, Chen,
and He 2023), ModernTCN (Wang et al. 2024c), CAFO
(Li, Wang, and Liu 2024), and InterpGN (Wen, Ma et al.
2025). These models cover a range of techniques from
Transformer-based architectures to shapelet-based methods
and pre-training frameworks. For detailed descriptions of
these baselines, please refer to Appendix.
Datasets. Experiments are conducted on six widely-used
public benchmarks for time series classification: Chinatown,
MelbournePedestrian (Melbourne), PEMS-BAY, METR-
LA, DodgerLoopDay (DodgerLoop), and PEMS-SF. De-
tailed descriptions of all datasets refer to Appendix.
Metrics. We adopt a set of classification metrics to mea-
sure the performance (Xu et al. 2025), including: Accuracy,
Macro-Precision, Macro-Recall, and Macro F1-Score.
Implementation Details. All experiments are implemented
using the PyTorch framework and conducted on a single
NVIDIA RTX series GPU. To ensure a fair comparison,
we follow the optimal parameter settings for each baseline.

Variant
Melbourne DodgerLoop

Acc Pre Rec F1 Acc Pre Rec F1

MTP 0.9672 0.9671 0.9669 0.9669 0.6000 0.6978 0.5923 0.5848
w/o Visual 0.7593 0.7617 0.7595 0.7584 0.2375 0.0674 0.2348 0.1048
w/o Textual 0.9659 0.9660 0.9657 0.9657 0.5375 0.6268 0.5247 0.5315
w/o TS 0.6839 0.6845 0.6833 0.6766 0.5875 0.6015 0.5788 0.5676

Table 2: Ablation study on two representative datasets. Best
results are in bold. MTP is the full model; w/o V: without
Visual; w/o T: without Textual; w/o TS: without Timeseries.

The detailed parameter configurations for our framework are
available in Appendix. All experiments are run 15 times, and
we report the average results.

RQ1: Performance Comparison
We first compare the performance of our proposed frame-
work against eight state-of-the-art baselines. The detailed
experimental results are presented in Table 1. MTP con-
sistently achieves state-of-the-art results, outperforming all
baselines in the majority of cases. Specifically, MTP’s
strength is evident on datasets with clear, classifiable pat-
terns. On the Melbourne dataset, it secures the best perfor-
mance in both F1-score (0.9669) and Accuracy (0.9635). On
the Chinatown dataset, our MTP framework achieves the
highest F1-score of 0.9820 and a comparable Accuracy of
0.9839, while PatchTST achieves the second-best results.

MTP continues to excel in large-scale traffic datasets. It
achieves the highest F1-score and Accuracy on PEMS-BAY
(0.7091 / 0.7200) and METR-LA (0.7590 / 0.7684). Further-
more, on the highly volatile DodgerLoopDay dataset, MTP
again ranks first with an F1-score of 0.5676 and an Accuracy
of 0.6000, significantly outperforming most baselines. Even
on PEMS-SF, MTP’s performance is highly competitive, ob-
taining the second-best Accuracy. These results strongly val-
idate that our framework can learn more comprehensive fea-
ture representations, leading to state-of-the-art performance
across diverse tasks.

RQ2: Ablation Study
We conduct a rigorous ablation study of each component
and a sensitivity analysis of key hyperparameters to show
the impact of all design components on MTP.
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(a) Learning Rate (b) Temperature

(c) Alpha weight (d) Embedding dimension

Figure 2: Hyperparameter sensitivity analysis on four key
parameters: (a) Learning Rate, (b) Temperature, (c) Alpha
weight, and (d) Embedding dimension.

Ablation Study. We remove all components, including re-
moving the visual branch (‘w/o V’), the textual branch (‘w/o
T’), and the time-series branch (‘w/o TS’), from the full
framework to evaluate the impact. The results on two rep-
resentative datasets are shown in Table 2, with full results
in the Appendix. Our complete framework consistently out-
performs all of its ablated variants. The most pronounced
impact is observed on the DodgerLoop dataset upon ablat-
ing the visual branch (‘w/o V’), where the F1-score drops
from 0.5848 to a mere 0.1048. Results on the Melbourne
dataset further underscore the contribution of each modal-
ity: removing the textual branch (‘w/o T’) induces a measur-
able decline in F1-score (from 0.9669 to 0.9657), whereas
exclusive reliance on visual and textual modalities without
the original time-series (‘w/o TS’) leads to a substantial per-
formance degradation (F1-score of 0.6766). Thus, it is ap-
proved that our proposed modality augmentation and fusion
are the core drivers of the model’s superior performance.
Hyperparameter Sensitivity Analysis. We investigate the
sensitivity of MTP to four key hyperparameters, shown in
Figure 2. The results indicate that our framework exhibits
robustness across different hyperparameters. For the learn-
ing rate, performance reaches its peak around 1e − 4. Re-
garding the temperature parameter, the optimal range is be-
tween 0.05 and 0.1. MTP demonstrates a distinct preference
for a smaller alpha value in contrastive loss, with the best
performance achieved at 0.1. Finally, for the embedding di-
mension, performance plateaus once the dimension reaches
128. These findings collectively validate that MTP is stable
and does not necessitate extensive hyperparameter tuning.

RQ3: Qualitative Analysis
To intuitively understand the effectiveness of our frame-
work, we use t-SNE to visualize the feature distributions

(a) Final fused features (b) Image features

(c) Text features (d) Time series features

Figure 3: Comparative t-SNE visualizations on the METR-
LA dataset, which contains three types of labels.

on the METR-LA test set, as shown in Figure 3. The fi-
nal fused features learned by our complete framework form
highly cohesive and clearly separated clusters in the 2D
space. Samples from different classes represented by dif-
ferent colors are distinctly separated with minimal overlap.
This provides strong visual evidence for the high classifica-
tion performance reported in Table 1. In contrast, the feature
distributions from single modalities are more diffuse and
intermingled. This qualitative result is consistent with our
conclusions from the ablation study, demonstrating that our
fusion module successfully integrates complementary infor-
mation to produce a more powerful and discriminative To fa-
cilitate a comprehensive understanding of our method’s per-
formance across multiple datasets, additional visualization
analyses are provided in the Appendix.

Conclusion
In this paper, we propose a novel multi-modal urban traf-
fic profiling framework, called MTP, which addresses the is-
sue that existing traffic profiling methods rely on a single
numerical modality and overlook the semantic information
in multi-modal heterogeneous data. MTP learns multimodal
features in the frequency domain from three perspectives:
numerical, visual, and textual. Specifically, MTP processes
numerical information using frequency multi-layer percep-
tions, performs visual augmentation by converting raw data
into periodic images and frequency images, and gener-
ates descriptive texts based on information such as topics
and backgrounds for textual augmentation. Besides, MTP
designs hierarchical contrastive learning to fuse the three
modalities. Experiments on six real-world datasets demon-
strate that our framework significantly outperforms state-of-
the-art methods. Future work will involve integrating more
types of urban modal data and exploring fine-grained mod-
eling mechanisms for cross-modal correlations.
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