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Highlights:
	■ created a weather-aware short-term urban traffic flow prediction framework combining SUMO microscopic simulation with LSTM-based ML. 
	■ integrated weather-dependent driver-behaviour parameters such as speed factor, reaction time, acceleration, deceleration, driver imperfection, and 
minimum gap to reflect realistic traffic dynamics under 5 weather scenarios: normal, light rain, heavy rain, fog, and snow.

	■ the best LSTM model uses 3 recurrent layers and achieves validation RMSE = 0.1056 with validation loss = 0.0652 with moderate amount of data.
	■ results show that the model captures the overall temporal traffic pattern and preserves the relative traffic intensity ordering across weather conditions, 
where prediction accuracy is best in normal weather (RMSE ≈ 0.21 veh/min) and worst in snow (RMSE ≈ 2.5 veh/min), with heavy rain also causing high 
error.

	■ the study concludes that the SUMO–LSTM framework is a promising tool for weather-adaptive traffic forecasting and intelligent traffic management, 
with future improvements suggested through richer features and broader real-world calibration.

Article History: Abstract. This study proposes a weather-aware short-term urban traffic prediction framework that combines micro-
scopic traffic simulation with Long Short-Term Memory (LSTM) based Machine Learning (ML) for forecasting vehicle 
flow at selected urban junctions. The research is motivated by the need to improve traffic-state prediction under 
varying environmental conditions, since weather disturbances such as rain, fog, and snow significantly affect driver-
behaviour, vehicle speed, spacing, and intersection throughput. The simulation environment was developed in the 
Simulation of Urban Mobility (SUMO) platform using an urban road segment derived from geographic map data 
and traffic-flow information from the Vilnius city traffic database. 2 monitored junctions were selected as observa-
tion points, and traffic behaviour was simulated under 5 weather scenarios: normal conditions, light rain, heavy rain, 
fog, and snow. Weather-dependent driver parameters, including speed factor, reaction time, acceleration, decelera-
tion, driver imperfection, and minimum gap, were incorporated into the simulation in order to reproduce realistic 
traffic dynamics. The generated simulation data, including vehicle count, speed, waiting time, temporal features, 
and encoded weather conditions, were used to train and evaluate multiple LSTM models through an AutoML-based 
tuning procedure. Among different configurations, the best-performing model consisted of 3  recurrent layers and 
achieved a validation RMSE of 0.1056 with a validation loss of 0.0652. The results show that the proposed framework 
is capable of reproducing the general temporal structure of urban traffic flow and preserving the relative ordering 
of traffic intensity across weather scenarios. Prediction quality was highest under normal conditions, with RMSE of 
approximately 0.21 veh/min, while the poorest accuracy was observed under snow conditions (about 2.5 veh/min). 
The model captured dominant traffic trends effectively, although it tended to smooth short-term local oscillations, 
especially under more unfavourable weather conditions. Overall, the study demonstrates that integrating SUMO-
based simulation with LSTM forecasting provides an effective and flexible approach for short-term urban traffic 
prediction under varying meteorological conditions and may support future intelligent traffic management and 
weather-adaptive mobility applications.
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Notations 

AutoML – automated ML;
CNN – convolutional neural network;
CSV – comma separated values;
IoT – Internet of things;

J1, J2 – monitored junctions in the study;
JUDU – Vilnius city mobility/traffic data source refer-

enced in the article (https://judu.lt);
LSTM – long short-term memory;
MAE – mean absolute error;

ML – machine learning;
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OpenStreetMap – open geographic map platform used for 
road-network generation (https://www.
openstreetmap.org);

RL – reinforcement learning;
RMSE – root mean square error;
RNN – recurrent neural network;

SUMO – simulation of urban mobility;
TraCI – traffic control interface;

UM–DS – urban mobility – digital shadow;
V2X – vehicle-to-everything;

YOLO – you only look once.

1. Introduction 

Mobility is becoming an increasingly important issue as 
cities gain in importance, with more than 56% of the 
world′s  population living in them. Urban planning prin-
ciples have traditionally been developed to promote ur-
ban efficiency and increase productivity. The emergence of 
“smart mobility” has provided researchers with new ways 
to understand and plan cities (Allam, Sharifi 2022). In this 
context, intelligent transportation systems have become 
a  key component of modern urban development, since 
they enable traffic processes to be monitored, analysed, 
and optimized in real-time. The growing availability of 
traffic data, simulation tools, and ML methods has creat-
ed new opportunities for predicting traffic conditions and 
supporting more efficient traffic management strategies.

For instance, the analysis of theoretical concepts and 
models in the field of urban transport and smart cities 
shows the relevance and importance of this problem. Sus-
tainable urban transport helps to achieve the Sustainable 
Development Goals and supports transformation process-
es towards more sustainable economic development, an 
ecologically minded society, and smart cities (Mavlutova 
et  al. 2023). Recent smart city mobility innovations, such 
as intelligent transport systems, electric vehicles, autono-
mous vehicles, on-demand transport, shared transport, 
and mobility as a  service, are constantly being hailed as 
a panacea for many of the economic, social and environ-
mental impacts associated with private transport, includ-
ing road congestion, social exclusion, increased costs, ac-
cidents, emissions and environmental degradation (Butler, 
Yigitcanlar 2020). One of the many strategies of smart city 
mobility policy is a sustainable approach to the transport 
system, aiming to reduce negative impacts and improve 
its performance. Nevertheless, given the rapid techno-
logical progress in the transport sector, it is necessary to 
identify and assess key innovations in smart mobility from 
a  sustainability perspective. Testing intelligent transport 
systems on a city scale is expensive, requiring significant 
funding and planning. Using combined traffic simulations 
can help reduce initial costs and make it easier to adjust 
parameters to find real-world needs. Schweppenhäuser 
et  al. (2026) presents a  simulation-based evaluation that 
uses the open-source collaborative modelling framework 
Eclipse MOSAIC, along with a new application.

Some connected vehicle-based approaches are limit-
ed by low penetration or limited real-time performance, 
which limits their engineering applicability. To overcome 
these problems, Wang et  al. (2026a) proposes a  micro-
scopic, driver-behaviour-oriented queue prediction meth-
od for traffic light-controlled intersections based on road-
side traffic data. The classical intelligent driver model is 
extended here by introducing a traffic light remaining time 
adjustment term to explicitly integrate drivers′ anticipated 
braking during red phases and speed adaptation near the 
end of green phases into longitudinal acceleration. Recent 
studies have emphasized the relationship between urban 
traffic flow and ambient noise (Danilevičius et  al. 2025). 
Danilevičius et  al. (2025) examined instantaneous traffic 
noise levels through experimental observations combined 
with theoretically estimated traffic volumes derived from 
a discrete road traffic flow model. Traffic volume and the 
functioning of signalized intersections significantly affect 
noise levels, according to their findings.

On the other hand, road networks constitute a  vital 
infrastructural element for the enduring operation of ur-
ban environments. Nevertheless, these networks frequent-
ly experience disruption due to urban flooding, thereby 
extending travel durations and impeding emergency re-
sponse efforts. The research presented by Li et al. (2026) 
proposes a novel dynamic flood and response modelling 
framework designed for urban transport, with the aim of 
evaluating the effects of precipitation and flooding on traf-
fic systems. This framework emphasizes the integration of 
an urban flood model, and an urban mobility model imple-
mented within the SUMO software. The study concentrates 
on vehicular movement within urban areas and explores 
how cities can facilitate this movement through more intel-
ligent planning. The essential elements for sustainable ur-
ban planning and management within SUMO are outlined 
as follows (Lopez et al. 2018): 
	■ real-time data systems that optimize traffic flows and 
public transport schedules; 

	■ smart public transport with digital ticketing, dynamic 
routes and live updates;

	■ shared mobility services such as electric scooters-, bicy-
cles- and car-sharing fleets; 

	■ smart charging networks integrate electric and low-
emission vehicles; 

	■ connected infrastructure, including sensors, cameras, 
and IoT devices, monitors and manages mobility and 
other.

Urban transport systems are increasingly at risk of cli-
mate-induced disasters and infrastructure disruptions. 
Wang et  al. (2026b) presents a  resilience-oriented as-
sessment framework that integrates microscopic traf-
fic modelling using SUMO to investigate both structural 
and functional performance of urban road networks un-
der 4  different emergency scenarios. The simulation re-
sults highlight spatial and temporal vulnerabilities in ur-
ban transport systems and provide practical insights into 
emergency traffic management, climate change adapta-
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tion planning, and resilient infrastructure design in rapidly 
urbanizing regions. The Chen et al. (2026) study revealed 
a dynamic “flow chain” characterized by changing roles of 
actors and complex interrelationships. While the increas-
ing diversity of participants increased the stability of the 
ecosystem and mutualistic relationships encouraged co-
operation, commensal and especially parasitic dynamics 
arising from competitive pressure and monopolized ser-
vices posed significant barriers to integration. Serok et al. 
(2026) introduced a new decentralized traffic light control 
strategy, called the tree method, to mitigate the challenges 
posed by conflicting traffic flows operating at competing 
cycle times at certain phases of traffic intersections. This 
methodology relies on the precise identification of con-
gestion bottlenecks and subsequent prioritization, consid-
ering their significant impact on the entire road network. 

Urban mobility systems require continuous monitoring 
and optimization to meet increasing complexity and sus-
tainability requirements. Rodríguez-Gómez et al. (2026) ar-
ticle introduces UM–DS, a  modular framework that inte-
grates heterogeneous real-time and historical data, such 
as traffic volume, incidents, weather and public transport, 
into a unified urban mobility model. UM–DS allows visuali-
zation, modelling and analysis through an extensible dash-
board connected to the SUMO modelling engine. Petrov 
et  al. (2026) proposes a  modelling framework that inte-
grates open-source tools such as OMNeT++ (https://om-
netpp.org) and SUMO, augmented with a  comprehensive 
communication model. Key contributions include extend-
ing the Veins framework to support pedestrian interaction 
variables and demonstrating its application in a simulated 
environment. 

V2X technologies are widely considered a cornerstone 
of cooperative and automated driving, but their large-scale 
deployment in the real-world remains limited. Most exist-
ing performance assessments rely on synthetic traffic sce-
narios generated by simulators, however not fully reflect-
ing real-world traffic characteristics. Vehicle trajectories 
obtained from highway drone and intersection drone data-
sets are converted into simulation-ready formats and com-
bined with a standardized V2X network package to enable 
message-level performance analysis for all traffic groups 
(Arockiasamy, Vinel 2026). 

Traffic light control is one of the main tools for reducing 
congestion, and recent studies have increasingly applied 
RL due to its adaptive capabilities (Chang et al. 2026). An 
adaptive traffic light control method is proposed by Deng 
et al. (2026) uses deep Q-network and proximal policy op-
timization to optimize signal timing by integrating variable 
cell length and multi-channel state representation. Simula-
tion results using SUMO – Tensor Flow – Python demon-
strate the cross-band portability evaluation and show that 
the proposed variable cell length and multi-channel state 
representation method is superior to the fixed cell length 
method in optimization performance.

Ahiska (2026) article examines multi-agent RL-based 
autonomous driving techniques and deep learning-based 

comprehensive cooperative driving solutions. Interme-
diate autonomous navigation synthesis schemes are ex-
amined, in particular transformer-based connected and 
cooperative autonomous vehicles collective navigation 
architectures. A  theoretical concept proposed by Rebally 
et  al. (2026) identifies the indirect and cascading effects 
of floods and precipitation on transport when perform-
ing flood impact assessments. Conventional sensor-based 
crash detection systems suffer from high implementation 
costs and limited contextual awareness. Darla et al. (2026) 
article presents a  comprehensive multimodal framework 
that combines a 6-model YOLO ensemble with image cap-
tions to detect and describe vehicle collisions in real-time. 
The proposed framework features improved interpretabil-
ity due to natural language captions and efficient imple-
mentation scalability, making it a promising step towards 
autonomous, privacy-enhancing traffic safety systems.

Darla et al. (2026) presents a method for extracting in-
formation about individual mobility behaviour that ensures 
data privacy and integrates the data into comprehensive 
traffic modelling. A Bayesian network is created to capture 
the dependencies of trip variables, such as trip destina-
tion and start time. The network graph is discovered using 
a genetic algorithm. The conditional distributions obtained 
from these dependencies are used to generate synthetic, 
individual trip chains, which serve as input for traffic mod-
elling in the open-source software SUMO.

A  major challenge in autonomous vehicle research 
is reliable object detection in a  variety of environmental 
conditions, such as fog, rain, and low light. Esmaeil Abba-
si (2026) study developed a YOLO-based object detection 
model to identify vehicles, pedestrian zones or crossings, 
traffic lights, and road signs on roads. A multi-channel CNN 
is used to process SUMO environmental map data, includ-
ing elements such as road edges, traffic light locations, and 
vehicle distribution. By integrating these features, CNN can 
dynamically determine optimal routes, considering real-
world factors such as traffic density and signal layout.

The problem of sustainable transport in urban areas 
has been recognized in academic research, searching for 
suitable models and solutions. After analysing the studies 
conducted by other researchers, it was possible to system-
atize the ecosystem and trends of the urban transport con-
cept, as well as mentioning possible future trends.

One of the major challenges in urban mobility one of 
the biggest problems with getting around in cities is that 
traffic conditions change a lot depending on the time-of-
day, how many people are on the road, the layout of the 
road network, signal control, and environmental condi-
tions. In particular, weather conditions such as rain, fog, 
and snow can significantly affect driver-behaviour, vehicle 
speed, and waiting time at intersections, thereby reduc-
ing network efficiency and increasing congestion. For this 
reason, reliable short-term traffic prediction models must 
account not only for temporal traffic patterns, but also for 
external factors that influence traffic dynamics and traffic 
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planning. Therefore, the main goal of this study is to de-
velop and evaluate a weather-aware short-term traffic pre-
diction framework that combines microscopic traffic simu-
lation and deep learning for forecasting traffic conditions 
at selected urban junctions. The proposed framework aims 
to reproduce realistic traffic behaviour under different en-
vironmental conditions and to predict future traffic states, 
such as vehicle count, traffic flow, and average speed. To 
achieve this goal, the study addresses the following tasks:
	■ construct a simulation-based traffic environment using 
the SUMO platform and a real urban road network de-
rived from geographic map data;

	■ incorporate weather-dependent driver-behaviour pa-
rameters into the traffic simulation in order to model 
the impact of normal weather, light rain, heavy rain, fog, 
and snow on traffic dynamics;

	■ generate and validate traffic datasets at selected junc-
tions by comparing simulated traffic behaviour with 
available real traffic observations;

	■ prepare sequential traffic datasets containing traffic var-
iables, time-of-day information, and encoded weather 
conditions for ML;

	■ train and evaluate LSTM-based forecasting models ca-
pable of predicting short-term traffic states under vary-
ing weather and demand conditions;

	■ to identify the optimal architecture for the traffic pre-
diction problem at hand, a comparative analysis of vari-
ous network configurations and training methodologies 
is essential;

	■ the model′s ability to predict needs to be assessed using 
numerical accuracy measures and a visual comparison of 
the predicted and actual traffic curves.

This research introduces a novel approach by combin-
ing a  SUMO-based microscopic traffic simulation model 
with a weather-aware LSTM forecasting model. The goal 
is to predict short-term urban traffic at specific intersec-

tions. The proposed method combines simulation-based 
scenario generation with machine-learning prediction. This 
is different from traditional mechanism-based approach-
es, which often oversimplify driver-behaviour and ignore 
the effects of changes in signal control, and from purely 
data-driven models, which rely heavily on large historical 
datasets. By including weather-dependent driver factors 
including speed factor, reaction time, acceleration, decel-
eration, driver imperfection, and minimum gap, it is pos-
sible to mimic realistic traffic behaviour in diverse weather 
circumstances. The key advantage of the suggested meth-
od is that it can create and use realistic traffic datasets even 
when there aren′t many real-world observations available 
and expands the weather-based traffic prediction on pre-
vious research. 

2. Methodology of research

The proposed traffic prediction framework integrates re-
al-world traffic information, microscopic traffic simulation, 
and ML techniques. The overall workflow is illustrated in 
the methodology diagram in Figure 1.

Initially, traffic-related data are collected from official 
available traffic databases of Vilnius city routes from JUDU 
(https://portal.sisp.lt/portal/apps/experiencebuilder/experi
ence/?id=1741b3ca76c64faab74fe6343723c2ab) and used 
to configure the simulation environment. These datasets 
provide baseline parameters such as traffic demand lev-
els, and typical traffic patterns throughout the workdays. 
The road network configuration is generated using a digi-
tal map using OpenStreetMaps platform (Briem et al. 2019), 
which provides detailed information about the road to-
pology, intersections, and connectivity between road seg-
ments. The selected study-area focuses on an observable 
street segment with 2 monitored junctions, as illustrated 
in Figure 2.

Figure 1. Methodology of the proposed SUMO–LSTM traffic forecasting framework
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The analysed traffic map zone, presented in the figure, 
is divided into 7 surrounding traffic zones (1…7) represent-
ing different traffic areas with particular vehicle flow rate 
per hour, which contributing vehicle flows to the street un-
der investigation is highlighted by a red line. For instance, 
analysing available information, traffic zones marked 1, 
2 and 7 have a greater intensity of vehicles compared to 
3, 4, 5 and 6 zones and from where the most vehicles ar-
rive. Correspondingly, the end directions of traffic flow, 
where vehicles leave, can be monitored and defined for 
traffic simulations. 2  road intersections (or junctions), la-
belled J1 and J2, are selected as monitoring points where 
traffic variables are collected during simulation, represent-
ing the beginning and the end of the street. Additional-
ly, these junctions represent bottlenecks where traffic con-
verge from multiple zones.

The road network representation includes intersections, 
road segments, traffic signal locations, and connectivity re-
lationships between edges. In addition, several parameters 
describing vehicle behaviour are combined to simulate re-
alistic traffic dynamics within the simulation environment. 
These parameters include vehicle acceleration and decel-
eration capabilities, driver reaction time, driver imperfec-
tion (which reflects driver variability and randomness), and 
minimum headway between vehicles. Moreover, in order 
to model the influence of environmental conditions on 
traffic flow, several weather-dependent driver-behaviour 
parameters are introduced. These parameters modify vehi-
cle dynamics and driver responses under different weath-
er scenarios. The adopted parameter values used in the 
SUMO traffic simulation are summarized in Table 1 defined 
by Krauss car-following model.

The Table 1 presents the driver′s behaviour parameters 
for 5  different weather conditions: normal weather, light 
rain, heavy rain, fog, and snow. The parameters include 
the speed factor, driver reaction time  , acceleration, de-
celeration, driver imperfection or unpredictability σ, and 
minimum gap between vehicles. In unfavourable weather, 
the model simulates diminished vehicle speeds and accel-
eration, alongside extended driver reaction times and in-
creased minimum safety gaps. For instance, under snowy 
conditions, the speed factor is diminished to 0.70, the reac-
tion time is extended to 2.5 s, and the minimum inter-vehi-
cle gap expands to 3.8 m, thereby mirroring more conserv-
ative driving practices. Likewise, scenarios involving heavy 
rain and fog precipitate moderate reductions in speed and 
increases in reaction time. These parameter modifications 
enable the simulation to accurately depict the influence of 
weather on traffic flow dynamics. Additionally, it is known 
that during summer and winter times these parameters can 
vary as well, therefore it was chosen to use average val-
ues. Nevertheless, parameter transferability is constrained, 
as driver reactions to snow, rain, and fog may differ based 
on local traffic culture, road maintenance standards, and 
seasonal variations.

The traffic simulation uses the SUMO platform. SUMO 
is a microscopic traffic simulator, which means it can model 
the movement and interactions of individual vehicles. The 
simulation environment is set up by following these steps: 
	■ the road network is loaded, as defined in the .net.xml 
file;

	■ loading traffic routes involves working with .rou.xml 
files. These files hold the details of vehicle trips and the 
routes they take;

	■ the traffic light control logic is loaded, which specifies 
the signal phases and timing for each intersection it 
controls;

	■ the TraCI interface is initialized, allowing for real-time ex-
ternal control and monitoring of the simulation.

During the simulation′s setup phase, weather-depend-
ent parameters are implemented to influence driver-be-
haviour, and specific junctions are designated as mon-
itoring points for the measurement of traffic variables 
throughout the simulation. Subsequently, traffic data are 
generated via numerous simulation iterations, encompass-
ing diverse weather scenarios and varying traffic demand 
conditions, facilitated by the TraCI interface.

During the simulation′s operation, various traffic-relat-
ed metrics are documented at each timestep. The main var-

Figure 2. Study-area road network with surrounding traffic 
zones (1…7) and monitored junctions J1 and J2

Table 1. Weather-dependent driver-behaviour parameters adopted in the SUMO simulation for different weather scenarios 
(Lu, Tettamanti 2018)

Weather 
condition

Speed 
factor

Driver reaction time 
τ [s]

Acceleration  
[m/s²]

Deceleration  
[m/s²]

Driver imperfection  
or unpredictability σi

Minimum gap 
[m]

Normal 1.00 1.20 2.6 4.5 0.5 2.5
Light rain 0.90 1.50 2.2 4.0 0.7 2.8
Heavy rain 0.80 1.80 2.0 3.8 0.9 3.2
Fog 0.80 1.70 2.2 4.0 0.8 3.0
Snow 0.70 2.50 1.3 2.8 1.2 3.8

Observable 
streetJ1

J2
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iables recorded encompass the vehicle count at the junc-
tion, the average vehicle speed, and the waiting time for 
vehicles. These variables are specifically gathered for each 
monitored junction, with a focus on J1 and J2. The result-
ing data offers a comprehensive temporal perspective on 
traffic dynamics throughout the simulated day. Each data 
point is linked to a precise timestamp, facilitating the anal-
ysis of traffic flow as a time-series dataset. The raw traffic 
measurements derived from the simulation undergo pro-
cessing to generate systematized traffic statistics across 
predetermined time intervals. For this research, traffic flow 
values are systematized on an hourly basis to identify daily 
traffic patterns and peak traffic periods. Subsequently, the 
processed data undergoes validation to confirm that the 
simulated traffic patterns align with realistic traffic behav-
iour observed in the real-world dataset.

To evaluate the accuracy of the simulation model, the 
simulated traffic data are compared with real traffic ob-
servations obtained from the Vilnius city traffic database 
over a month period in February 2026. The comparison fo-
cuses on the number of vehicles passing through junctions 
J1 and J2 during different times of the day (Figure 3). The 
figure illustrates the temporal distribution of vehicle num-
bers throughout a 24-h period for both real and simulat-
ed traffic flows. As can be noticed in the figure, the simu-
lated traffic curves closely follow the general trend of the 
real traffic data validating the simulation accuracy to real 
life example. Both datasets demonstrate similar traffic pat-
terns characterized by low traffic volumes during night-
time hours, a rapid increase in traffic during the morning 
rush period between approximately 06:00 and 08:00 (1st 
traffic peak), and a  gradual stabilization during daytime 
hours. A 2nd traffic peak can be observed during the after-
noon and evening period between 16:00 and 18:00, corre-
sponding to typical evening commuter traffic.

After processing and validation, the traffic data are 
stored in CSV format for further analysis and ML model 
training. Each dataset entry contains information about the 
monitored junction, timestamp, weather scenario, and cor-
responding traffic variables. This structured dataset forms 
the basis for the further training of the LSTM-based traffic 
prediction model.

To predict short-term traffic conditions under differ-
ent environmental scenarios, a LSTM neural network is em-
ployed. LSTM networks belong to the class of RNNs and 
are particularly suitable for modelling sequential data with 
long-term temporal dependencies, such as traffic flow 
time series. The proposed model learns the relationship 
between historical traffic observations, weather condi-
tions, and temporal patterns in order to predict future traf-
fic states. The traffic dataset used for training the model is 
constructed by combining traffic measurements obtained 
from multiple simulation runs under different weather con-
ditions. Each data record includes the following variables 
and are combined into a  feature vector representing the 
traffic state at time t:

{ }, , , ,t t t t t tx N v w T Wx= , 	 (1)

where: xt – traffic-state feature vector at time t; Nt – num-
ber of vehicles observed at time t; vt  – average vehicle 
speed; wt – average waiting time, Tt – represents time-de-
pendent features (e.g., hour of day), Wxt – weather condi-
tion encoded as categorical variables. 

To capture temporal dependencies, sliding windows are 
used to transform the dataset into sequences. For a given 
time, window of length k, the input sequence is defined as:

{ }1 2, , ...,t t k t k tX x x x- + - += , 	 (2)

where: Xt – input sequence formed from historical traffic-
state vectors within the sliding window.

The model is trained to predict the future traffic state 
after a prediction horizon h, such as 30 min ahead:

( )ˆt h tx f X+ = , 	 (3)

where: ˆt hx +  – predicted future traffic state after horizon 
h; ( )f ×  – representation of the LSTM prediction function. 
LSTM networks extend traditional RNNs by introducing 
a memory cell and gating mechanisms that regulate the 
flow of information through time. At each time step t, the 
LSTM cell receives traffic-state feature vector at time xt; 
ht–1 – hidden state from the previous time step. 

Figure 3. Traffic data comparison between real traffic and simulated referring to the number of vehicles during working days
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The internal operations of the LSTM cell are controlled 
by 3 gates: the forget gate, input gate, and output gate. 
These gates determine how information flows through the 
network (Abduljabbar et al. 2021). The forget gate deter-
mines which information from earlier traffic states should 
be retained or discarded. This is particularly important be-
cause traffic data generated from SUMO contain both per-
sistent patterns and short-term fluctuations. For example, 
the model may retain recurring daily congestion patterns, 
such as morning and evening peaks, while suppressing 
less relevant short-lived disturbances. The forget gate is 
defined as:

( )1t f t f t ff W x U h b-= × + +× ×σ , 	 (4)

where: ft – forget gate activation vector; σ – activation vec-
tor in the LSTM cell; xt – traffic-state feature vector at time t;  
ht–1 – hidden state from the previous time step; Wf, Uf – 
trainable weight matrices; bf – bias vector. 

In practical terms, this gate allows the network to de-
cide how much previously observed traffic information, 
such as earlier vehicle accumulation or speed reduction, 
remains relevant for future predictions.

The input gate controls how much new SUMO-gener-
ated information should be written into the LSTM memo-
ry. Since the traffic state evolves over time as vehicles pass 
monitored junctions and weather conditions affect driving 
behaviour, the input gate determines the extent to which 
newly observed traffic changes are incorporated into the 
internal memory of the model. It is computed as:

( )1t i t i t ii W x U h b-= × + +× ×σ , 	 (5)

where: it – input gate activation vector in the LSTM cell; Wi, 
Ui – trainable weight matrices; bi – bias vector. 

The output gate determines which part of the internal 
memory should be exposed as the hidden state used for 
traffic prediction. In other words, it decides which learned 
temporal patterns are most relevant for estimating the fu-
ture traffic condition, such as the expected vehicle count 
or speed 30 min ahead. The output gate ot is defined as:

( )1t t to o oo W x U h b-= × + +× ×σ , 	 (6)

where: ot – output gate activation vector in the LSTM cell; 
Wo, Uo – trainable weight matrices; bo – bias vector.

In the proposed framework, this output may represent 
traffic speed, vehicle count, or another selected traffic indi-
cator predicted from the historical SUMO-generated data.

In the present study, the evaluation of multiple LSTM 
configurations is necessary because of the traffic data ex-
hibited substantial variability across weather conditions, 
time periods, and monitored junctions. In order to better 
adapt the LSTM model, several architecture configurations 
need to be tested. Because of spatial and temporal varia-
tions in SUMO generated data, a random single fixed mod-
el architecture could not be assumed to be optimal for all 
cases. The AutoML process was employed to systematically 

evaluate various LSTM architectures and training configu-
rations to determine the optimal model for the specified 
traffic prediction task. The search space encompassed the 
quantity of recurrent layers, the number of hidden units 
per layer, dropout rate, dense layer size, learning rate, and 
batch size, which are the main hyperparameters of such 
model type (Abduljabbar et al. 2021). Model selection was 
determined by validation loss and validation RMSE, with 
the search concluding after the completion of a predeter-
mined set of 12 trials. The number of hidden units in the 
recurrent layers varies between 32, 64, 128, allowing the 
comparison of models with lower and higher representa-
tional capacity. To reduce overfitting and improve general-
ization, different dropout coefficients were tested, includ-
ing the ratio of 0.2. In addition, the fully connected layer 
following the LSTM block is tested with 32, 64, 128 neurons 
in order to assess the influence of output-layer complexity 
on prediction performance and training. The models were 
trained using the Adam optimizer with an initial learning 
rate of 0.001 and 0.005, which influences the convergence 
speed and training stability. By systematically comparing 
these alternative configurations, the study selected the ar-
chitecture that achieved the best balance between predic-
tion accuracy and model generalization.

Once the LSTM model is trained, the prediction of fu-
ture traffic states based on recent traffic observations and 
weather conditions is performed and evaluated by com-
paring data with real traffic scenarios in different weather 
conditions. This comparison enables the validation of how 
accurately the trained model predicts future scenario simu-
lated by traffic dynamics under different traffic and weath-
er conditions. The predictive performance is assessed us-
ing standard regression metrics such as the MAE. The 
model generates forecasts for traffic variables on which it 
is trained, for example 30 min ahead. In this way, the model 
provides a short-term estimate of the expected traffic state 
at the monitored junctions under different environmental 
scenarios. The prediction process is performed by supply-
ing the trained LSTM model with a sequence of recent traf-
fic observations collected over a predefined input window. 
These observations include traffic variables for specific pe-
riod of time extracted from the SUMO simulation, such as 
vehicle count, speed, and waiting time, together with addi-
tional contextual features, including time-of-day indicators 
and encoded weather conditions.

3. Results

This section presents the results of the proposed LSTM-
based traffic prediction framework and evaluates the in-
fluence of different model configurations on forecasting 
performance. The objective of the analysis is to identify the 
most suitable neural network architecture for short-term 
traffic prediction under the considered traffic and weath-
er conditions and use it for pattern predictions on unseen 
data. Model comparison was performed using both the 
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best validation loss and the validation RMSE. Table 2 sum-
marizes the training performance of a  total of 12 trials 
during AutoML training and evaluated, each correspond-
ing to a different LSTM architecture and training setup. In 
the present study, validation loss corresponds to the op-
timization objective recorded during model training, while 
validation RMSE was used as an additional performance 
indicator for model comparison. Because these values are 
not necessarily computed on exactly the same scale or 
transformation stage, they should not be interpreted as 
numerically equivalent.

Among the evaluated configurations, the best over-
all configuration was Trial No 1, which achieved the low-
est validation RMSE of 0.1056  and the validation loss of 
0.0652. This model used a  3-layer recurrent architecture 
with 32 neurons in the 1st layer, 96 neurons in the 2nd lay-
er, and 32 neurons in the 3rd layer, without dropout, fol-
lowed by a dense layer with 32 neurons. The model was 
trained using a learning rate of 0.001 and a batch size of 
32. This result indicates that, for the considered dataset, 
a moderately deep architecture without dropout was able 
to capture the temporal traffic dependencies most effec-
tively. Very similar performance was obtained by Trial No 
12, which produced a validation RMSE of 0.1058 and a best 
validation loss of 0.0658. This model consisted of a 2-layer 
recurrent structure with 128 and 128 neurons, also without 
dropout, a dense layer with 32 neurons, a learning rate of 
0.001, and a batch size of 64. Another competitive config-
uration was Trial No 8, which used a single recurrent lay-
er with 64 neurons, a dense layer with 64 neurons, and no 
dropout, achieving a validation RMSE of 0.1069 and a best 
validation loss of 0.0671.

At the same time, some configurations produced no-
ticeably worse results. For example, trials using dropout of 
0.2 with smaller or less balanced recurrent structures gen-
erally showed higher validation losses. This suggests that, 
for the current dataset and forecasting task, excessive reg-
ularization may reduce the model′s ability to capture im-
portant temporal dependencies in the traffic data. Simi-
larly, the results show that the relationship between model 

depth and performance is not monotonic: increasing the 
number of layers does not necessarily improve prediction 
accuracy. Instead, model performance depends on the bal-
ance between network complexity, training stability, and 
the representational capacity required by the traffic time 
series.

The training curve of the best-performing trial is shown 
in Figure 4. The figure bellow illustrates the performance of 
the training and validation losses over 40 epochs. A rapid 
decrease in both curves can be observed during the initial 
epochs, indicating that the model efficiently learned the 
dominant traffic patterns from the training data. After ap-
proximately 5…10 epochs, both loss curves begin to stabi-
lize, and only minor improvements are observed in the rest 
of epochs. This behaviour indicates that the model suc-
cessfully converged and that the selected number of ep-
ochs was adequate for training. 

It can be noted from the training history that the val-
idation loss remains consistently below the training loss 
throughout the learning process. This indicates stable gen-
eralization behaviour and suggests that the trained mod-
el did not suffer from severe overfitting. The relatively 
smooth shape of the validation curve also indicates that 
the optimization process was stable and that the selected 

Table 2. Performance comparison of AutoML-tested LSTM configurations 

Trial  
No

Neuron units 
in 1st layer

Neuron units 
in 2nd layer

Neuron units 
in 3rd layer

Dropout 
ratio

Neuron units 
in dense layer

Learning 
rate

Batch 
size

Best validation 
loss

Validation 
RMSE

1 32 96 32 0 32 0.001 32 0.0652 0.1056
12 128 128 – 0 32 0.001 64 0.0658 0.1058
8 64 – – 0 64 0.001 32 0.0671 0.1069
6 64 128 – 0 32 0.001 32 0.0116 0.1078
3 128 32 96 0.2 128 0.0005 32 0.0119 0.1090
11 64 – – 0 32 0.0005 32 0.0120 0.1097
7 96 – – 0 64 0.0005 32 0.0697 0.1098
2 96 – – 0.2 32 0.001 64 0.0126 0.1120
9 32 – – 0 128 0.0005 32 0.0129 0.1133
4 64 – – 0.2 64 0.0005 32 0.0764 0.1151
10 96 –- – 0.2 128 0.0005 64 0.0757 0.1156
5 64 – – 0.2 64 0.0005 32 0.0751 0.1156

Figure 4. Training and validation loss curves of the best-per-
forming LSTM model
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learning rate allowed gradual convergence toward a suit-
able local optimum. After the analysis of ML models, the 
best-trained model is integrated into a  traffic simulation 
and prediction pipeline.

Figure 5 shows the short-term traffic prediction results 
for junction J1 under 5 weather scenarios: normal condi-
tions, light rain, heavy rain, fog, and snow. The solid curves 
denote the actual traffic values, while the dashed curves 
represent the predicted traffic over the future forecast in-
terval. The plotted variable is vehicle count per minute, and 
the displayed time interval extends approximately from 
09:00 to 11:30.

From the Figure 5, it can be observed that the traffic 
level strongly depends on the weather scenario. Under 
normal conditions, the actual traffic remains in the range 
of approximately 14…21 veh/min, with most values con-
centrated around 18–20 veh/min. Under light rain, the 
traffic varies more significantly, roughly between 14  and  
24 veh/min. For heavy rain, the traffic level is generally 
higher, fluctuating in the interval of about 17…27 veh/min.  
Under fog, the actual traffic is mainly between 17  and 
26 veh/min, whereas under snow the highest traffic inten-
sities are observed, with values reaching approximately 
24…28 veh/min and local maxima close to 29 veh/min.

The forecast interval begins near 11:00, as indicated by 
the vertical marker dashed line. In this interval, the model 
continues the traffic evolution using coloured dashed lines. 
For normal conditions, the predicted traffic remains close 
to the recent observed level, around 17.5…18.0  veh/min,  
which is consistent with the actual scenario. For light rain, 
the prediction remains near 17…19 veh/min, while the ac-
tual curve shows a  stronger fluctuation, including a  lo-
cal decrease to about 15 veh/min before rising again. 
For heavy rain, the forecast increases from approximate-
ly 20 veh/min to about 22…23 veh/min, whereas the ac-
tual curve 1st decreases toward 17…18 veh/min and then 
recovers sharply. In the fog scenario, the predicted traf-
fic remains near 20.0  veh/min, while the actual continu-
ation fluctuates around 19…21 veh/min. Under snow, the 
prediction rises from approximately 26 veh/min to nearly 
29 veh/min, while the actual curve remains between about 
24.5 and 27 veh/min.

The most important observation is that the model pre-
serves the relative traffic ordering among weather scenar-
ios. This indicates that the model is not only extrapolat-
ing recent temporal behaviour but is also incorporating 
the weather-dependent structure learned from the train-
ing data. At the same time, the forecasted segments are 
visibly smoother than the measured curves. In quantitative 
terms, the model reproduces the average traffic level well, 
but it tends to have a deviation of about 2…4 veh/min. This 
effect is especially visible in the light rain and heavy rain 
cases, where the actual traffic exhibits short-term oscilla-
tions that are only partially captured by the forecast. Such 
smoothing behaviour is typical for LSTM-based predictors, 
which are generally effective in representing the dominant 
trend but less accurate in reconstructing local fluctuations.

Figure 6 presents the short-term traffic prediction re-
sults for another junction J2 under the same weather sce-
narios. As in the previous figure, the solid curves corre-
spond to the actual traffic values, while the dashed curves 
indicate the predicted traffic values in the forecast horizon.

Compared with junction J1, the traffic dynamics at J2 
exhibit a wider range of fluctuations and stronger sensi-
tivity to weather conditions but also more vehicles as well. 
Under normal conditions, the actual traffic varies approxi-
mately between 16.5 and 26.5 veh/min, with most values 
lying in the range of 20…24 veh/min. In the case of light 
rain, the traffic level fluctuates roughly between 17.5 and 

Figure 5. Traffic prediction in J1 evaluating different weather 
conditions

Figure 6. Traffic prediction in J2 evaluating different weather 
conditions
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30.5 veh/min. Under heavy rain, the actual traffic remains 
mostly in the range of 18…30 veh/min, with several local 
maxima around 29…30 veh/min. For fog, the traffic is con-
centrated between approximately 18.5  and 28 veh/min, 
while under snow the highest traffic levels are observed, 
reaching about 23…37 veh/min, with a particularly strong 
peak near 09:20, where the traffic approaches 37 veh/min. 
Therefore, the overall spread between the lowest and high-
est observed traffic levels at J2 is on the order of 20 veh/min,  
which is noticeably larger than that observed at J1.

In traffic forecast region, the dashed curves show how 
under normal conditions, the predicted traffic remains 
close to 20…21 veh/min, which is consistent with the actual 
continuation of the curve. In the light rain case, the forecast 
remains around 20…23 veh/min, while the actual traffic re-
covers from a  lower level near 17.5  veh/min toward ap-
proximately 22…23 veh/min. For heavy rain, the predicted 
traffic remains near 25 veh/min, which aligns well with the 
actual future values, remaining in the interval of approxi-
mately 24.5…27 veh/min. In the fog scenario, the predic-
tion is close to 19…20 veh/min, while the actual traffic is 
slightly higher, around 21…22 veh/min, indicating a mod-
erate underestimation. Under snow, the forecast rises from 
approximately 24 veh/min to nearly 25 veh/min, while the 
actual curve remains around 22…23 veh/min, indicating 
that the model slightly overestimates the future traffic un-
der snow conditions. The ML model again preserves the 
relative effect of weather conditions on traffic intensity, al-
though in comparison to J2, it is more dynamic than at J1. 
The snow scenario remains the highest overall, especial-
ly during the observed period, while heavy rain and light 
rain also produce elevated traffic levels relative to normal 
conditions and fog. The model correctly reflects these dif-
ferences in the prediction interval, demonstrating that it 
learned the weather-sensitive structure of the traffic data.

At the same time, Figure 6 also confirms a characteris-
tic feature of the LSTM forecasts: the predicted curves are 
smoother than the corresponding actual trajectories. While 
the model captures the average traffic level and overall 
continuation of the process, it tends to reduce the ampli-
tude of short-term oscillations. At J2, these local variations 
can reach approximately 3…6  veh/min, especially under 
snow, light rain, and heavy rain, and the model reproduces 
them only partially. This indicates that the prediction per-
formance is effective in estimating the dominant short-
term tendency but less precise in reconstructing abrupt lo-
cal fluctuations.

Figure 7 presents the summarized box-plot of the dis-
tribution of RMSE standard deviation values for traffic-flow 
prediction under the same weather conditions during the 
whole workday time and in both junctions J1 and J2. RMSE 
is expressed in vehicles per minute, and lower RMSE indi-
cates better predictive agreement between the estimated 
and actual traffic counts.

The box-plot standard deviation distributions were 
plotted to visualize variability and robustness, where the 
box centre line shows the median and the green triangle 

shows the arithmetic average. Thus, the narrow and low-
valued box for normal conditions reflects both high ac-
curacy and low dispersion, whereas the higher and wider 
boxes for heavy rain and snow indicate larger prediction 
error and increased uncertainty. The intermediate posi-
tions of fog and light rain indicate moderate model degra-
dation under those weather disturbances.

These values indicate that the prediction model per-
forms best under normal traffic conditions, where the error 
is comparably small (RMSE ≈ 0.21) to other less predictive 
weather conditions. This suggests that, in the absence of 
more unfavourable weather conditions, the predicted traf-
fic flow is closely aligned with the actual measured values, 
and the prediction error remains highly low and stable. Un-
der fog, the RMSE rises to approximately 1.3 veh/min, indi-
cating a noticeable but still moderate deterioration in per-
formance. A similar effect is observed for light rain, where 
the RMSE is approximately equal to 1.5 veh/min. Compar-
ing these 2 cases shows that the model prediction quality 
in fog and light rain is similar. 

The poorest prediction is observed during snow condi-
tion over the time, where the RMSE reaches almost 2.5 veh/
min. For heavy rain, the RMSE is approximately 2.3 veh/min, 
which is also substantially higher than the values obtained 
in normal, fog, and light rain conditions. In comparison to 
normal weather conditions, the snow-related prediction 
error is roughly 12 times greater, indicating a  strong re-
duction in prediction reliability, indicating big unpredict-
ability of driver′s behaviour. These values confirm that ad-
verse weather introduces measurable instability into traffic 
prediction, and the severity of this impact increases with 
the intensity of the weather disturbance. In this approxima-
tion, snow condition represents the most critical condition 
for model performance, followed by heavy rain, while nor-
mal conditions remain the most predictable traffic regime.

4. Conclusions

This study introduced a weather-aware short-term urban 
traffic forecasting framework that integrates microscopic 
traffic simulation in SUMO with LSTM-based prediction. 
The proposed approach was used on a Vilnius city road 

Figure 7. Traffic prediction RMSE values representation of dif-
ferent weather conditions
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length with 2 monitored intersections, J1 and J2. The simu-
lation results were compared to real traffic data. The com-
parison demonstrated that the simulated traffic profiles 
accurately reflected the main daily traffic pattern, encom-
passing morning and evening peak periods. This proved 
that the established simulation environment was appropri-
ate for producing training data for the forecasting model.

The trained LSTM models showed that the suggest-
ed framework can forecast the main short-term trends in 
traffic flow in diverse weather conditions. The model that 
worked best out of all the ones evaluated had 3 recurrent 
layers and got a validation RMSE of 0.1056 and a valida-
tion loss of 0.0652. The results also demonstrated that the 
accuracy of the predictions depends a lot on the weather. 
The smallest prediction error was when the weather was 
normal, with an RMSE of around 0.21 veh/min. The biggest 
mistakes happened when it was foggy and light rain, and 
the poorest performance happened when it was heavy rain 
and snow, with RMSEs of about 2.3 and 2.5 veh/min, re-
spectively. These results show that bad weather makes ur-
ban traffic behaviour far more unpredictable and makes it 
harder to create short-term predictions. The model′s ten-
dency to mitigate short-term local fluctuations can be at-
tributed to the characteristics of the LSTM forecasting 
methodology and the increased variability of traffic dur-
ing severe weather conditions. The model is designed to 
identify the prevailing temporal pattern and reduce aver-
age prediction error, resulting in a  tendency to replicate 
the overall traffic trend rather than sudden short-term 
fluctuations. This effect is more noticeable in snowy con-
ditions, where diminished speed, extended reaction time, 
decreased acceleration, and increased vehicle spacing con-
tribute to more unpredictable traffic behaviour. The model 
accurately reflects the general trend but fails to account for 
abrupt local variations, leading to the elevated RMSE noted 
in snowy conditions.

Similar to earlier research, the present model per-
formed best under more stable traffic conditions and was 
able to reproduce the general short-term trend reliably. 
The main practical advantage of the suggested method is 
that it can give accurate short-term predictions of overall 
traffic trends, even when there aren′t any large, weather-
diverse datasets available. The findings indicate that pre-
diction accuracy may be enhanced by incorporating more 
explanatory variables, including traffic-signal states, wait 
length, lane occupancy, and a more comprehensive real-
world calibration of weather-dependent driving attributes. 
The study validates and expands on previous research by 
this SUMO–LSTM framework, which is an effective instru-
ment for weather-adaptive urban traffic forecasting and 
can facilitate future intelligent traffic management appli-
cations. 

Future work should focus on extending the model to 
a  larger urban network and other traffic parameters pre-
diction to get better insights, incorporating additional ex-
ternal variables such as traffic signal states, prolonged 
observation terms including day length and seasonal vari-

ables. This can be done by adding road-surface condition 
indicators, like wet or low-friction pavement, and visibili-
ty-related variables, like fog and snowfall intensity, or re-
duced sight distance. Additionally, it would be important 
to improve the calibration with larger real-world datasets 
and investigate other types of ML models to better capture 
fluctuations in short- and long-term traffic. 
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