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Abstract

The monitoring of urban traffic is critical for effective management in smart city and transport systems. Quite often, existing
forecasting approaches tend to be heavily dependent on bulky location-specific data sets, which results in their applicability
being questionable under conditions of limited data. In this paper, we suggest developing a novel SARIMA-LSTM approach
that combines the principles of statistical time-series analysis with deep learning-based correction of residuals. In the first
place, the SARIMA algorithm is introduced in order to guarantee interpretability and statistically proven characteristics of
our model due to the identification of linear and seasonal trends. At the same time, the LSTM network is applied to imitate
the dynamic non-linearities in residuals in order to improve short-term forecasts. The theoretical development of the
approach, its design and experimental verification are provided in the paper. Moreover, the suggested model structure offers
an environmentally friendly opportunity for monitoring of urban traffic and facilitates the integration with future spatial-

temporal and real-time intelligent transport systems.
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Introduction

Rapid growth of urbanization and increased movement of
people make traffic management systems in RBANS
increasingly complex. Intelligent cities require continuous
monitoring of traffic to mitigate traffic congestion, prevent
collisions, and promote sustainable transport systems™?.
ARIMA and SARIMA models have traditionally been used in
predicting traffic and have proven efficient in capturing linear
trends and seasonality in traffic data®*. Urban traffic data
exhibits non-linear and complex temporal dynamics influenced
by several factors, including road infrastructure, events, and
weather conditions®. Deep learning approaches have proved
superior in modeling non-linear and complex temporal
dependencies. LSTM architectures have been widely applied for
traffic prediction due to their gate structure, which helps in
maintaining long-term dependencies®®. Studies have found that
deep learning LSTM-based models, coupled with external
variables like meteorology and accidents, provide improved
accuracy in traffic prediction tasks. Recent surveys suggest an
increasing trend of applying hybrid and ensemble deep learning
models to tackle non-linear and multi-scale urban traffic.

Despite significant advancements in deep learning, there are two
primary challenges that it is facing—first, its effective
implementation requires a substantial amount of data, and
second, it is extremely challenging to interpret the model. Both
problems make life difficult when dealing with city-level data,
as it can be challenging to gather sufficient data. To overcome
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the limitations faced in implementing traditional deep learning
models, scientists came up with hybrid models that would
incorporate the benefits of statistical models and deep learning.
Inspired by this, along with real-world issues, this research
paper aims to propose a novel data-agnostic hybrid SARIMA-
LSTM framework for urban traffic surveillance.

The objectives of this study include: The proposed methodology
utilizes an innovative hybrid model which incorporates the
statistical precision of Seasonal Autoregressive Integrated
Moving Average (SARIMA) along with the deep learning
capabilities of Long Short Term Memory (LSTM) to forecast
urban traffic. The model can be applied to urban traffic data sets
collected from various cities or even from varying platforms,
including limited data sets, increasing its applicability to diverse
urban settings. The hybrid model identifies linear relationships
using SARIMA, which is useful for identifying seasonal and
steady-state trends in traffic data, along with detecting nonlinear
relationships using LSTM. Such a hybrid solution can increase
efficiency and robustness compared to pure statistical or deep
learning methods by itself. Performance evaluation using
measures such as RMSE, MAE, and MAPE of actual or
artificial urban traffic data sets proves the efficacy of the
presented hybrid model. Finding suggests that the model suits
well to modern smart city scenarios, where efficient traffic
control and management become possible, resulting in reduced
congestion. In addition, the method is relatively easy to
implement and can facilitate real-time analysis and management
decisions.
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Literature Review: As for traffic forecast modeling
approaches, they include traditional time series algorithms such
as ARIMA and SARIMA. These methods are widely utilized
since they are easily interpretable and capable of modeling
regularities like seasonality or trend in traffic. Nonetheless, let's
face it; such methods will be rather incapable when it comes to
abrupt fluctuations or non-linear relationships in traffic. This is
where deep learning made its breakthrough. For instance,
LSTMs are characterized by a better performance at extracting
the dependencies between the variables for a very long period of
time. Moreover, other models such as GRU and sequence-to-
sequence are now used in traffic prediction successfully®®. The
use of extra traffic information, weather or time-based features,
makes such predictions even more accurate, especially in smart
cities. Hybrid models like CNN-LSTM combine spatial and
temporal data and therefore are considered superior models.
Graph Neural Networks (GNNSs) are able to model the traffic in
road networks since they use graph structures as inputs. Among
the best GNNs models are the ones that combine DCRNN and
Graph Wave Net which are highly accurate in the presence of
multiple sensors®°. DCRNN and Graph Wave Net models have
achieved high precision; however, they require sufficient sensor
data input into the network™?®3. Additionally, there is an
increasing tendency towards developing hybrid systems by
combining statistical and deep learning techniques, particularly
focusing on residual learning architectures. Such approaches
have proven superior in accuracy, considering their
complementary characteristics. They are applicable in urban
environments where the data volume is limited, yet the forecast
should be accurate™*™*®.

Finally, deep learning algorithms have become popular in
analyzing road accidents. LSTM-based models can detect
accident pattern trends and provide practical assistance in
optimizing traffic control measures and establishing safety
policy guidelines®. The present study proposes a hybrid model
of ARIMA and Conv LSTM with attention mechanisms. It
resulted in higher short-term traffic forecast accuracy®’.

Problem formulation

Nonlinear interaction of vehicles, variations in the traffic
demand pattern and various other external elements like
weather, accidents, and road conditions contribute to making the
dynamics of an urban traffic system complex. Such elements
give rise to chaotic behavior in traffic flows and high degrees of
time dependency, thus making traffic prediction very difficult.
As a result, a good amount of modeling is required for traffic
prediction.

Let X, denote the observed traffic volume at time t. The traffic
series can be decomposed into three fundamental components:

X, =T, +S; +N,

where: T, represents long-term trend, S.denotes seasonality,
N, captures nonlinear dynamics and residual fluctuations.
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The aim is to predict the value of X,,, through explicit
modeling of both linear and nonlinear temporal structures
employing a hybrid framework.

Proposed hybrid sarima-LSTM framework

Time-Series Diagnostics: Before modeling, the stationary of
the series is checked using the Augmented Dickey-Fuller test.
Seasonality decomposition, along with ACF, PACF analysis,
will help determine the SARIMA order®™,

Statistical Component (SARIMA): The SARIMA equation is
expressed as:

®p(B*)¢, (B)(1 — B)* (1 — BX)?Y, = 6,(B*)8,(B)e:

Where: B: Backward shift operator, BY, =Y,_;, @p(B®):
Seasonal AR polynomial. ¢, (B): Non-seasonal AR polynomial.
8o(B*): Seasonal MA polynomial. 6,(B): Non-seasonal MA
polynomial. vi. €,: White noise error term.

Model orders (p, d, q) (P,D,Q,s) are selected using: i.
ACF/PACF analysis, ii. Information criteria: AIC and BIC for
optimal parameter selection***, iii. Residual diagnostics to
ensure white noise behavior. This component captures linear
seasonal and trend effects.

Deep Learning (LSTM): The residuals obtained from the
SARIMA model ((R, = X, — X 4R™4) can be modeled using
an LSTM model that can deal with non-linear time-series
dependency and long-range dependency®’.

For learning non-linear time-series dependency, the sequence of
residuals is analyzed by applying a Long Short-Term Memory
(LSTM) model. The LSTM model is specifically trained for
learning long-term dependencies in time series. The LSTM cell
is governed by the following equations:

Forget Gate: It filters out the no relevant information and
define as f, = a(Wy - [hy—1, x.] + bf)

Input Gate: It determines the impact of new information and
written as i, = a(W; - [h,_q,x;] + b;)

C. = tanh(We - [he_1, %] + b)

Cell State Update: It stores long term memory
Co=ft-Cati-C

Output Gate: Generates the final prediction
o = oW, - [he—1, %] + b,)

h, = o, - tanhif,)

Where: W, b and o denote weight matrices, biases & the
sigmoid activation function respectively.
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Figure-1: The Network Structure of LSTM at time t°.

Hybrid Forecasting: Final traffic forecasting is obtained by

combining the SARIMA and LSTM outputs:
X"t — XESARIMA + R‘%STM

This hybrid residual learning approach balances interpretability
and nonlinear learning capability.

This hybrid strategy ensures that: i. SARIMA captures linear
seasonal behavior, ii. LSTM captures nonlinear temporal
dependencies.

Thus, the integrated model improves forecasting capability
while maintaining interpretability.
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Figure-2: Proposed Hybrid SARIMA-LSTM Methodology
Workflow.

Algorithmic framework: The procedure for this algorithm
follows two stages. First, the SARIMA algorithm takes care of
the linear components of the traffic data as well as the
seasonality. This will give us a reliable baseline prediction.
However, there are still some residual errors that we cannot
predict using SARIMA. These are passed to the next phase,
where they are fed into an LSTM model. The LSTM then
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focuses on the non-linear aspects that were overlooked by the
previous model. We can just simply add the results from the two
models.

Results and Discussion

Forecasting Performance Analysis: This is for the hybrid
SARIMA-LSTM predictions of a traffic time series with both
trend and seasonal components. It must be noted that the hybrid
method is very accurate in capturing the seasonal component,
while at the same time filtering out the volatile nature of the real
traffic data. This comparison can be seen in Figure-2.

Quantitative Evaluation Metrics: The performance of the
suggested hybrid Seasonal Autoregressive Integrated Moving
Average-LSTM (SARIMA-LSTM) model may be measured by
using the following time-series prediction evaluation metrics
based on the discrepancy between actual values x, and predicted
values x,.

The Mean Absolute Error (MAE) measures the average
magnitude of prediction errors:

n
1
MAE=—Z lx, — 2, |
n
t=1

The Root Mean Square Error (RMSE) gives higher weight to
large prediction errors:

RMSE =

n
1 2
EZ(xt — %)
t=1

The Mean Absolute Percentage Error (MAPE) expresses the
error in percentage terms:
n

100
MAPE = —
n

Xy — X

Xt
t=1

Lower values of these metrics indicate better forecasting
accuracy and improved performance of the hybrid model.

Discussion: The main outputs obtained through the application
of the hybrid framework (SARIMA+LSTM) demonstrate
several important conclusions regarding the effectiveness of
urban traffic prediction: i. The proposed approach adequately
represents both linear and nonlinear characteristics of the time
series concerning urban transportation. ii. The SARIMA model
generates a predictable initial forecast by means of modeling
seasonal and trend traffic flows. iii. The use of the LSTM
network for finding nonlinear connections between residuals
provides an opportunity to enhance the prediction accuracy. iv.
The entire architecture proves to be highly adaptive to traffic
variations, particularly when it comes to irregular traffic
changes. v. The intelligent transportation systems may benefit
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from the use of such an architecture, which combines both deep
learning technologies and statistical models' interpretability. vi.
The model may assist in traffic management, congestion
avoidance, and intelligent transportation solutions development.

The above-listed outcomes of the research prove the advantages
of using hybrid approaches in developing urban traffic
forecasting models.
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Figure-3: Presents a conceptual simulation to illustrate the
hybrid forecasting behavior.

Limitations: The hybrid SARIMA-LSTM approach mainly
emphasizes time series analysis without considering the spatial
relationships of interconnected road networks. The hypothesis
of partitioning traffic patterns into linear and nonlinear segments
might not be appropriate when traffic experiences extreme
volatility due to unexpected incidents or events. Being a purely
theoretical model that can be applied to any type of dataset, it
needs rigorous testing based on a large number of multi-city
traffic datasets to establish its universal applicability.
Furthermore, the optimization of LSTM parameters may lead to
higher computational costs, and some exogenous variables like
weather and policies are missing from the model.

Conclusion

This research paper describes the development of a new
combined approach which uses both the SARIMA model and
the LSTM network in a hybrid way for urban traffic forecasting.
The advantage of this approach lies in the combination of the
benefits from the usage of statistical and learning approaches by
modeling the residuals in order to improve forecasting stability,
flexibility, and efficiency. This technique is particularly relevant
for smart cities and other urban areas with limited data. Future
studies on the topic must consider multiple sources of data and
spatial graph analysis.
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