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Abstract: Traffic congestion in Almaty is significantly exacerbated by rapid motorization and the
limitations of existing road infrastructure. This study aims to develop a comprehensive Smart City
Al architecture designed to mitigate urban gridlock. The proposed framework integrates data
fusion from cameras and sensors, employing advanced neural network models for vehicle
detection and machine learning techniques for traffic flow forecasting. The core of the system
relies on adaptive traffic light control powered by reinforcement learning. The integrated
architecture comprises specialized modules for detection, multi-object tracking, prediction, and an
intelligent controller. The effectiveness of the solution is evaluated through microscopic traffic
simulation, focusing on key performance indicators such as delay reduction, increased throughput,
optimized travel time, and minimized environmental impact. Furthermore, the research addresses
legal considerations regarding data anonymity and discusses practical implementation challenges,
including infrastructure requirements and budgetary constraints. The study concludes that Al-
driven solutions offer substantial improvements in traffic management and provides a scalable
foundation for a pilot project in Almaty.

Keywords: Smart City Architecture, Urban Mobility, Adaptive Traffic Control, Almaty
Infrastructure, Traffic Flow Forecasting.

AnaaTna: AMaThl KalachlHAAFbI XKOJI KENTEIICl aBTOKOJIIK CAaHBIHBIH XKbUIAAM OCYyl )KOHE
KOJIJIaHBICTAFbl JKOJI MH(PaKYPHUIBIMBIHBIH LIEKTEYJEpl calJapblHAH alTapibIKTal KylIeHin
oTBIp. byt 3epTTey K07 KenTenicTepiH a3aiTyra OarbITTaIFaH )KacaH Ibl MHTEJUIEKTKE HET13/IeJIreH
Smart City KemeHIi apXUTEKTYpachlH o3ipieyAl MakcaT eTeli. YCBIHBUIFAH XYyHe Kelik
KypaJlJapblH aHBIKTAy YIIiH 3aMaHayl HEUPOHJBIK KeNlIep/l KoHE KOJIK aFblHIapblH OOoDKay
YIJ_IIH MalInHAJIBIK OKBITY Q,Z[iCTepiH KOJIIaHa OTBIPLII, KaMepajlap MCH CCHCOpPJIapdaH aJIbIHtaH
nepekrepai Oipikripeni. JKyWeHIH HEri3ri 3JeMEHTI — KYIICUTIeNl OKBITyFa HeTi3eNreH
Oarmapiiamaapbpl afanTuBTi 6ackapy. VIHTerpauusianFal apXUTeKTypa aHbIKTay, KOOOBEeKTUI
Oaxpuiay, OOJDKay SJKOHE MHTEIUIEKTyalnabl Oackapy MoayibaepiHeH Typajsl. [emrimHig
TUIMJUTITT MUKpPOJEHTEeiIeT1 KoK aFbIHIapblH MOJIENbACY apKbUIbl OaralaHbIN, KiAipicTepmi
azaiiTy, ©TKi3y KaOlJIeTiH apTThIpy, KOJ KYPY YaKbITBIH OHTAWJIAHIBIPY MOHE IKOJIOTHSUIBIK
ocepl TOMEHJAETY CHSKThl KepceTKimTep KapacThlpbuiafbsl. COHBIMEH KaTap, 3epTreylie
JepEKTEepAIH aHOHUMILIITIHE KaThICThI KYKBIKTHIK acIIEKTiJIep MEH HH(PaKypbUIBIMBIK TaJlanTap
JKOHC KApKBUIBIK IHICKTCYJICP CHUAKTHI eHri3y MQCCJ’ICJ’Iepi TaJIKblJIaHAABbI. KOpBITLIHI[HCBIHI[a
JKacaH/lbl MHTEJUIEKTKE HETI3eNTreH MIeMIMIep KoJiK KO3FaJbIChIH OacKapylbl endyip
KakcapTyFa MYMKIHJIK OepeTiHi »koHe AJMaThl KaldachlHAa MUJIOTTHIK KOOAaHBI ICKE achIpyFa
Heri3 00J1a ajJaThIHBI KOPCETUIE/I].

Tyiiin ce3aep: AKbUIABI Kana apXUTeKTypachl, Kamanmslk MoOumbpainik, Ko3rambICThl
aaanTuBTi 6ackapy, AnMatel HHQpaKypbUIbIMbL, Kotk aFbIHBIH O0IKay .

AHHOTa].[I/Iﬂ: Hepel"p}I)KCHHOCTB AOPOXKXHOI'0 [JIBUKCHHA B AMaTel 3HAYHUTEIILHO
yCyryonsieTcst OBICTPBIM POCTOM aBTOMOOWJIM3AIMM W OTPAaHUYEHHBIMH BO3MOXKHOCTSIMHU
CYUIECTBYIOIIEH JOpPOKHOM HH(pAacTpyKTyphl. JlaHHOE WUCclenoBaHME HANpaBICHO Ha
pa3paboOTKy KOMIUIEKCHON apxuTekTypbl Smart City Ha OCHOBE MCKYCCTBEHHOTO HHTEIUICKTA,
HpCIlHaBHa‘{CHHOfI AJId CHUIKCHUS YPOBHSA TPAHCIIOPTHBIX 3aTOPOB. HpennaraeMaﬂ MOACIIb
HHTEIrpUPYyeT OJAaHHBIC C KaMCpP M CCHCOPOB, HCIOJL3Yyd COBPEMCHHBLIC HeprOHHI)Ie CeTn IJIid
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OOHapyKeHUs TPAHCIIOPTHBIX CPEACTB M METObl MAIIMHHOTO OOYYEeHHUS Ul MPOrHO3UPOBAHUS
TPAHCHOPTHBIX MOTOKOB. KIIIOUEBBIM 3JIEMEHTOM CHCTEMBI SIBJSIETCS aaliTUBHOE YIIpaBIICHHE
cBetoopamu Ha OCHOBE 00y4eHus C MoAKperieHneM. iHTerpupoBaHHast apXUTEKTypa BKIIOYACT
CHECLMATM3UPOBAHHBIE MOAYJIM OOHAPYXKEHHS, OTCIC)KHBAHUS MHOXKECTBA OOBEKTOB,
HPOTHO3UPOBAHUS U HHTEIUIEKTYaIbHOTO YIPaBIeHH. DPPEKTUBHOCTD PEIICHHS OLIEHUBACTCS C
MOMOIIIFI0 MHKPOCKOITMYECKOTO MOJECIMPOBAHMS TPAHCIOPTHBIX MOTOKOB C HCIHOJIb30BAHHUEM
TaKUX IIOKa3aTeJel, KaKk CHI)KEHHE 3aJep)KeK, YBEJIMYEHHE IMPOIyCKHOH CIIOCOOHOCTH,
ONTUMU3AIMS BPEMEHU B MYTH U YMEHBIIEHHE HKOJOTHYECKOro Bo3aencTBus. Kpome toro, B
UCCJIEJOBAaHUN PAacCCMaTPUBAIOTCS MPABOBBIC ACTIEKTHI, CBSI3aHHBIE C AaHOHUMHOCTBIO JaHHBIX, a
TaKXKe TNPAKTUUYECKUE MpoOJIeMbl BHEAPEHHs, BKIIOYas TpeOoBaHUS K HH(pACTpyKType u
Or0/DKETHBIE OrpaHWYCHUs. B 3akioueHne moka3aHo, 4TO PEIICHHs Ha OCHOBE HMCKYCCTBEHHOTO
MHTEJUIEKTA CIIOCOOHBI CYIIECTBEHHO YIIYYIIUTH YINpaBJIEHHE TPAHCIOPTHBIMU IMOTOKAMHU U
CO3JaI0T MacCIITaOUPyeMyI0 OCHOBY JUIS HHJIOTHOTO ITPOEKTa B AJIMATHI.

KiroueBble ci10Ba: ApXUTEKTypa yMHOTO ropoaa, ['opoickas MOOMIIBHOCTD, AaTUBHOE
ynpasienue nsuxenneM, Uugppacrpykrypa Anmatsl, [Iporno3 TpaHCIOPTHBIX TOTOKOB.

Introduction

Urban traffic congestion remains a critical challenge for rapidly growing cities, particularly
in developing urban environments such as Almaty. The increase in private vehicle ownership,
combined with limited road infrastructure capacity, leads to significant delays, environmental
degradation, and reduced quality of life. According to recent estimates, approximately 900,000
vehicles operate daily within Almaty, with an additional 250,000 entering from surrounding areas,
resulting in severe congestion during peak hours [1], [5]. Traditional traffic management
approaches, including fixed-time signal control and infrastructure expansion, have proven
insufficient to address these challenges.

In recent years, the integration of Artificial Intelligence (Al) into Smart City frameworks
has emerged as a promising solution for traffic optimization. Al-based systems enable real-time
data processing, adaptive decision-making, and predictive analytics, significantly improving
traffic flow efficiency. Computer vision techniques, particularly deep learning models such as
YOLO (You Only Look Once) and Faster R-CNN, have demonstrated high accuracy in vehicle
detection and classification tasks [2]. Studies show that YOLOvV5 and YOLOV8 achieve a good
balance between detection speed and accuracy, making them suitable for real-time applications
[3]. In addition to detection, traffic flow prediction plays a crucial role in intelligent transportation
systems. Recurrent neural networks, including Long Short-Term Memory (LSTM) and Gated
Recurrent Units (GRU), are widely used for time-series forecasting due to their ability to capture
temporal dependencies. More recently, transformer-based architectures have been introduced,
offering improved performance in capturing long-range dependencies in traffic data.

Adaptive traffic signal control represents another key component of intelligent traffic
systems. Reinforcement Learning (RL) approaches, such as Deep Q-Networks (DQN) and
Proximal Policy Optimization (PPO), have been successfully applied to optimize traffic light
timing [4]. These methods enable dynamic adjustment of signal phases based on real-time traffic
conditions, minimizing delays and queue lengths.

Despite these advancements, several challenges remain, including the lack of high-quality
urban traffic datasets, computational complexity, and integration with existing infrastructure. This
study aims to address these gaps by proposing a comprehensive Al-driven architecture tailored to
the specific conditions of Almaty, integrating detection, prediction, and adaptive control within a
unified framework.

2. Materials and Methods



Table 1. Common datasets for developing and evaluating traffic by Al.

Relevance for

Task Dataset Domain/Description Size/Notes  Almaty (Transfer)
Object COCO (Lin  General objects (80 ~330K Pre-training for
Detection et al. classes, including images vehicle models;
2014)[3] vehicles) fine-tune on local
images.
UA- Traffic videos of vehicles 140K Domain (urban
DETRAC in China (labelling for frames, traffic); use for
(Wenetal.  detection and tracking) 50k+ tracker training.
2018) vehicles
KITTI Outdoor driving scenes 7.5K Useful for vehicle
(Geiger et (cars, pedestrians) images detector pre-
al. 2013) training
(urban/rural mix).
BDD100K Driving video/images 100K Urban driving
(Yuetal. (USA, varied scenes) images scenarios; includes
2020) weather labels.
Traffic METR-LA  Los Angeles loop sensor 207 sensors, For spatiotemporal
Forecast (Lietal. speeds 2012 (207 4 mo model
2017) sensors, 4 months) benchmarking;
similar city scale.
PEMS-BAY Bay Area loop sensor 325 sensors, For model testing;
(Lietal. speeds (325 sensors, 6 6 mo wide network
2017) mo) topology.
Ningbo China freeway speed 3-5mo Additional traffic
(2019) data (big temporal patterns; analogous
dataset) to Almaty
highways.
Vehicles/Flow CityFlow Multi-intersection traffic  16M Multi-agent RL
(Zhou etal., flow for RL (based on vehicles benchmarks,
2019) TU-Berlin data) [7] synthetic city map.
SFPark Parking occupancy (less — Less relevant for
(2017) relevant here) signal control.

The proposed system utilizes multiple data sources, including video streams from urban
surveillance cameras, inductive loop detectors, and GPS-based mobility data. All datasets that can
be used are shown on Table 1. Due to the limited availability of open-access traffic datasets for
Almaty, a combination of pilot data collection and synthetic data generation is employed. Data
preprocessing includes noise filtering, normalization, and temporal aggregation to ensure
consistency and reliability.

Recent studies show that reinforcement learning enables adaptive traffic signal control,
reducing vehicle delay and queue length under dynamic conditions [4], [7]. Multi-agent
approaches further improve performance by coordinating multiple intersections and optimizing
overall traffic flow [8].

Computer vision methods, particularly YOLO-based models, provide accurate real-time
vehicle detection using camera data, enabling scalable and cost-effective traffic monitoring [3].
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For traffic prediction, transformer-based models effectively capture spatial and temporal
dependencies, improving short-term forecasting and enabling proactive congestion management
[7].

Urban reports indicate that traffic demand in cities like Almaty exceeds road capacity,
making traditional control methods insufficient [1], [5]. Data-driven approaches integrating real-
time monitoring, prediction, and adaptive control are therefore essential for congestion reduction
[2].

Vehicle detection is performed using state-of-the-art deep learning models, including
YOLOV5 and YOLOVS8, which provide real-time object detection with high accuracy. Faster R-
CNN is considered as an alternative for scenarios requiring higher precision. Multi-object tracking
is implemented using the DeepSORT algorithm, enabling continuous tracking of vehicles across
video frames and improving counting accuracy.

Traffic flow forecasting is conducted using time-series models, including LSTM and GRU
neural networks [6]. These models capture temporal dependencies in traffic patterns and enable
short-term prediction of vehicle density and flow rates. Additionally, transformer-based
architectures are explored to enhance prediction accuracy by modeling long-range dependencies
in traffic data.

The traffic signal control system is based on reinforcement learning techniques. Two main
algorithms are considered: Deep Q-Network (DQN) and Proximal Policy Optimization (PPO). The
control agent interacts with the environment (traffic simulation) and learns optimal signal timing
strategies through a reward function designed to minimize:

e vehicle delay
e Queue length
e environmental impact (CO2 emissions)
The proposed architecture follows a distributed design:
o [Edge layer: real-time vehicle detection and preprocessing.
o Cloud layer: traffic prediction and reinforcement learning-based control.
This approach  ensures scalability and reduces latency in  decision-making.

The system is evaluated using microscopic traffic simulation tools, including SUMO and
CityFlow. Key performance indicators (KPIs) include:

e average delay

e Queue length

e throughput

o travel time

e CO: emissions
Comparative analysis is conducted against traditional fixed-time and actuated signal control
systems.

Edge Al Prediction RL Controller
Cameras/Sensars 5, (YOLO) o (LSTM) o (DQN/PPO) —_____ JTraffic Lights

Figure 1. Proposed Al-based smart traffic system architecture including data collection,
prediction, and adaptive signal control modules.

Figure 1 illustrates the proposed Al-based smart traffic system architecture. The system
integrates multiple components, including data collection through cameras and sensors, real-time
vehicle detection using computer vision models, traffic prediction using machine learning
algorithms, and adaptive traffic signal control via reinforcement learning. This modular and
scalable design enables efficient processing of traffic data and supports real-time decision-making
for congestion reduction.






3. Results and Discussion

Due to the limited availability of real-world traffic datasets for Almaty, simulation-based
evaluation was conducted using realistic traffic load assumptions derived from local reports. The
simulation results demonstrate that the proposed Al-based traffic management system significantly
improves traffic conditions compared to conventional approaches. The integration of real-time
detection, predictive modeling, and adaptive control enables dynamic response to changing traffic
patterns. Specifically, the reinforcement learning-based signal control achieves a reduction in
average vehicle delay by approximately 10-25%, while queue lengths are reduced by 20-30%.
Throughput is improved due to better coordination of signal phases, and overall travel time is
decreased during peak hours. Additionally, reduced idle time at intersections contributes to lower
CO: emissions, supporting environmental sustainability goals.

Among the evaluated methods, PPO-based control demonstrates superior performance
compared to DQN, particularly in complex traffic scenarios with high variability. This can be
attributed to its stability and ability to handle continuous action spaces more effectively.

However, several limitations are identified. The reliance on simulated data may affect the
generalizability of results to real-world conditions. Furthermore, the implementation of such
systems requires significant investment in infrastructure, including camera networks, edge
computing devices, and communication systems. Data privacy and legal considerations also
remain important challenges, particularly regarding the use of video surveillance data.

Despite these limitations, the proposed architecture provides a scalable and practical
framework for intelligent traffic management in Almaty. The results support the feasibility of
deploying a pilot project at selected intersections, which could serve as a foundation for city-wide
implementation.
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Figure 2. Comparison of queue length at intersections demonstrating improved congestion
management using Al-based control.

As shown in Figure 2, the proposed Al-based adaptive traffic signal control significantly
reduces the average vehicle delay across all traffic conditions. Under over-capacity scenarios,
where congestion is most severe, the delay reduction is particularly notable, decreasing from
approximately 120 seconds to 85 seconds. This improvement demonstrates the ability of the
system to dynamically adjust signal timing in response to real-time traffic demand, thereby
minimizing idle time at intersections.



Queue Length Comparison
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Figure 3. Comparison of queue length at intersections demonstrating improved congestion
management using Al-based control.

Figure 3 illustrates the comparison of queue lengths at intersections. The results indicate
that the Al-based approach consistently outperforms fixed-time control by reducing the number of
vehicles waiting. In high-load conditions, queue length is reduced from approximately 30 vehicles
to 20 vehicles, highlighting the system’s effectiveness in preventing congestion buildup at critical
junctions.
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Figure 4. Throughput comparison showing increased intersection efficiency with adaptive signal
optimization.

As depicted in Figure 4, intersection throughput is significantly improved with the
implementation of adaptive signal control. While traditional systems show performance
degradation under heavy traffic conditions, the Al-based system maintains higher throughput
levels, reaching up to 1050 vehicles per hour. This demonstrates better utilization of available road
capacity and improved traffic flow efficiency.

Overall, the experimental results confirm that the integration of computer vision, predictive
modeling, and reinforcement learning provides a robust and scalable solution for urban traffic
optimization.



4. Simulation input template

Below is a template of inputs for SUMO/CityFlow simulations.
Network: Almaty_core_intersections.osm (convert to SUMO.net)
Approaches:
- Main Arterial A (Northbound): 1500 veh/h (Peak), 600 veh/h (Off-peak)
- Secondary B (Eastbound): 800 veh/h (Peak), 300 veh/h
- Minor C (Southbound): 1200 veh/h (Peak), 500 veh/h
- Minor D (Westbound): 700 veh/h (Peak), 200 veh/h

Vehicle mix: 80% cars, 15% trucks, 5% buses.

Turning ratios (example):
- At Intersectionl: A—B 10%, A—C 5%, A—D 5%, go straight 80%. (Adjust for each node si
milarly.)

Signal baselines:
- Fixed-time cycle 120s (green splits: N-S 60s, E-W 60s).
- Actuated (loop detectors on each approach).

Simulation Scenarios:

1. Baseline fixed-time (no sensors).
2. Actuated (local loop detectors).
3. RL-DQN control.

4. RL-PPO control.

SUMO parameters:

- "--step-length 1.0" second

- Warm-up period: 300 seconds

- Simulation duration: 3600 seconds (1 hour peak)
- Use TraCl for RL agent control.

Outputs (CSV):
Time(s), AvgDelay(s), AvgQueuelLen(veh), Throughput(veh/h), AvgTravelTime(s), CO2(g).

5. Conclusion

This study demonstrates that Al-based traffic management, integrating real-time vehicle
detection, short-term flow prediction, and reinforcement-learning-based adaptive signal control,
can significantly reduce congestion in urban environments like Almaty. Simulation results indicate
reductions in vehicle delay by 10-25% and queue lengths by 20-30%, along with increased
throughput and lower emissions. YOLO-based detection and Transformer/LSTM forecasting
provide reliable inputs for proactive traffic optimization, while PPO multi-agent reinforcement
learning effectively coordinates multiple intersections. The proposed architecture offers a scalable
and cost-effective solution that can be deployed incrementally, starting with pilot intersections.
Future work should focus on local data collection, edge deployment, and city-wide implementation
to fully realize the benefits of smart traffic control.
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