
1 

 

 



2 

BOSH MUHARRIR: 

ABBAZOV ILHOM ZAPIROVICH 

TAHRIR HAYʼATI: 

Usmankulov Alisher Kadirkulovich — Texnika fanlari doktori, professor, Jizzax, Oʻzbekiston; 

Fayziyev Xomitxon – texnika fanlari doktori, professor, Toshkent, Oʻzbekiston; 

Rashidov Yusuf Karimovich – texnika fanlari doktori, professor, Toshkent, Oʻzbekiston; 

Adizov Bobirjon Zamirovich– Texnika fanlari doktori, professor, Toshkent, Oʻzbekiston; 

Abdunazarov Jamshid Nurmuxamatovich — Texnika fanlari doktori, dotsent, Jizzax, 
Oʻzbekiston; 

Eshonkulov Ravshan Abdurazakovich — Texnika fanlari doktori, dotsent, Qashqadaryo, 
Oʻzbekiston; 

Umarov Shavkat Isomiddinovich – Texnika fanlari doktori, professor, Jizzax, Oʻzbekiston; 

Bozorov Gʻayrat Rashidovich – Texnika fanlari doktori, Buxoro, Oʻzbekiston; 

Maxmudov Muxtor Jamolovich – Texnika fanlari doktori, Buxoro, Oʻzbekiston; 

Asatov Nurmuxammat Abdunazarovich – Texnika fanlari nomzodi, professor, Jizzax, 
Oʻzbekiston; 

Mamayev Gʻulom Ibroximovich – Texnika fanlari boʻyicha falsafa doktori (PhD), Jizzax, 
Oʻzbekiston; 

Ochilov Abduraxim Abdurasulovich – Texnika fanlari boʻyicha falsafa doktori (PhD), Buxoro, 
Oʻzbekiston. 

OAK Roʻyxati 
Mazkur jurnal Oʻzbekiston Respublikasi Oliy taʼlim, fan va innovatsiyalar vazirligi huzuridagi 
Oliy attestatsiya komissiyasi Rayosatining 2025-yil 8-maydagi 370-son qarori bilan texnika 
fanlari boʻyicha ilmiy darajalar yuzasidan dissertatsiyalar asosiy natijalarini chop etish tavsiya 
etilgan ilmiy nashrlar roʻyxatiga kiritilgan. 

 
Muassislar: “SCIENCEPROBLEMS TEAM” masʼuliyati cheklangan jamiyati; 

Jizzax politexnika instituti. 

 
TECHSCIENCE.UZ- TEXNIKA 
FANLARINING DOLZARB 
MASALALARI elektron jurnali 
15.09.2023-yilda 130343-sonli 
guvohnoma bilan davlat roʻyxatidan 
oʻtkazilgan. 

  
TAHRIRIYAT MANZILI: 
Toshkent shahri, Yakkasaroy tumani, Kichik 
Beshyogʻoch koʻchasi, 70/10-uy.  
Elektron manzil: 
scienceproblems.uz@gmail.com 

 
Barcha huquqlar himoyalangan. 
© Scienceproblems team, 2026-yil 
© Mualliflar jamoasi, 2026-yil

mailto:scienceproblems.uz@gmail.com


3 

TEXNIKA FANLARINING DOLZARB MASALALARI 
4-jild, 9-son (15-sentyabr, 2026). – 113 bet. 
 

M U N D A R I J A  
 

Ataboyeva Shaxrizoda 
EMPIRIK TAHLILLAR ASOSIDA OLIY TA’LIM BOSHQARUVI VA INDIVIDUAL  
TA’LIM JARAYONLARINI TAKOMILLASHTIRISHDA SUN’IY INTELLEKTGA  
ASOSLANGAN OPTIMALLASHTIRISH ALGORITMLARI  ....................................................................... 4-11 
 

Turgunbaev Rashid 
METAEXTRACT - KO‘P TILLI ILMIY JURNALLARDAN BIBLIOGRAFIK  
METAMA’LUMOTLARNI QOIDALARGA ASOSLANGAN EKSTRAKSIYA QILISH TIZIMI ......... 12-18 
 

Muqimova Anaxon 
ADVANCED REAL-TIME TRAFFIC SIGN SEGMENTATION AND CLASSIFICATION USING 
HYBRID DEEP CONVOLUTIONAL ARCHITECTURES ON GTSDB AND BENCHMARK  
DATASETS ................................................................................................................................................................... 19-24 
 

Pulatov G‘iyos, Kabildjanov Aleksandr, Pulatova Gulxayo 
SUST SHAKLLANGAN JARAYONLARNI BASHORATLASHDA INTELLEKTUAL  
ALGORITMLARNI QIYOSIY TAHLILI  .............................................................................................................. 25-33 
 

Usarkulova Feruza 
AN INTEGRATED MODEL FOR AI-BASED FORECASTING OF TECHNICAL SERVICE  
DEMAND AND OPTIMAL RESOURCE ALLOCATION IN AGRO-INDUSTRIAL  
COMPLEXES ........................................................................................................................................................ 34-43 
 

Botirov Munisbek 
NUMERICAL MODELING AND OPTIMIZATION OF GROUNDWATER FILTRATION  
PROCESSES USING COMPUTATIONAL ALGORITHMS  .......................................................................... 44-53 
 

Гулямов Шухрат, Зайниддинова Зебинисо, Караханова Алсу 
РАЗРАБОТКА МЕТОДОВ ПОСТРОЕНИЯ ВИРТУЛАЬНЫХ ПРИБОРОВ  
ЭКОЛОГИЧЕСКОГО КОНТРОЛЯ КАЧЕСТВА ПРОМЫШЛЕННОЙ ПРОДУКЦИИ  ................ 54-61 
 

Каршиев Хумоюн, Хасанов Абдирашид 
ПЕРСПЕКТИВНЫЕ СПОСОБЫ ПЕРЕРАБОТКИ КОБАЛЬТСОДЕРЖАЩИХ  
ОТХОДОВ ЦИНКОВОГО ПРОИЗВОДСТВА  ........................................................................................... 62-73 
 

Xaytbayev Aybek 
TAKOMILLASHTIRILGAN KUZATUVCHI QIDIRUV ALGORITMI ASOSIDA SIMSIZ SENSOR 
TARMOQLARIDA ENERGIYA SAMARADOR KLASTER BOSH TUGUNINI TANLASH  .............. 74-88 
 

Zokirov Islomjon, Nurillaev Ahadullo, Abdullaev Shavkat 
INTEGRATED MATLAB/SIMULINK–SIMSCAPE MODELING AND PI-BASED CLOSED-LOOP 
CONTROL OF A MICRO-HYDROPOWER PLANT  ................................................................................ 89-101 
 

Qarshiboyev Asqar, Tursunov Ilhom 
KOMPRESSOR USKUNALARINING OPTIMAL ISH REJIMINI ANIQLASH VA ELEKTR ENERGIYASI 
ISTEʼMOLI SAMARADORLIGINI BAHOLASH  .................................................................................... 102-112 



 

19 

 Texnika fanlarining dolzarb masalalari 
Topical Issues of Technical Sciences 

2026-yil | 4-jild | 9-son 
ISSN (onlayn): 3030-3702 

 

 
ADVANCED REAL-TIME TRAFFIC SIGN SEGMENTATION AND 
CLASSIFICATION USING HYBRID DEEP CONVOLUTIONAL ARCHITECTURES 
ON GTSDB AND BENCHMARK DATASETS 
 
Muqimova Anaxon  
Master's Student in Computer Engineering,  
Urgench State University   
Email: anaxonmuqimova@gmail.com  
 
Annotation. Autonomous driving systems and Advanced Driver Assistance Systems (ADAS) heavily rely on 
precise visual recognition of traffic control infrastructure under varying real-world conditions. While traditional 
object detection methods utilize bounding boxes, pixel-level semantic and instance segmentation provide essential 
geometric detail required for motion planning and vehicle control. This paper presents a rigorous comparative 
analysis of deep learning models, specifically U-Net, Mask R-CNN, and YOLOv8-Seg, for real-time traffic sign 
segmentation. Training and evaluation were conducted on benchmark datasets including the German Traffic Sign 
Detection Benchmark (GTSDB) and TT100K. To address extreme pixel-level class imbalance inherent in roadside 
imagery, a hybrid compound loss function combining Focal Loss and Dice Loss was developed. Experimental 
results indicate that YOLOv8-Seg achieves an optimal trade-off with a mean Average Precision (mAP50) of 89.7% 
and Intersection over Union (IoU) of 81.3% while operating at 45.2 Frames Per Second (FPS) on standard 
embedded GPU hardware. U-Net demonstrated superior boundary reconstruction accuracy with an IoU of 82.1%, 
whereas Mask R-CNN achieved peak precision (91.2% mAP50) at reduced inference speeds (12.4 FPS). The source 
code implementation and optimized hyperparameter setup in PyTorch 2.0 are detailed. 
 
Keywords. traffic sign segmentation, deep neural networks, U-Net, YOLOv8-Seg, GTSDB, Focal Loss, Dice Loss, 
autonomous vehicles, embedded vision. 

 
GTSDB VA BENCHMARK MA'LUMOTLAR TO'PLAMLARIDA GIBRID CHUQUR 
KONVOLYUTSION ARXITEKTURALAR YORDAMIDA YO'L BELGILARINI REAL 
VAQT REJIMIDA SEGMENTATSIYALASH VA TASNIFLASH 
 
Muqimova Anaxon 
Kompyuter muhandisligi yo'nalishi bo'yicha magistrant, 
Urganch davlat universiteti 
 
Annotatsiya. Avtonom boshqaruv tizimlari va haydovchiga yordam beruvchi ilg'or tizimlar (ADAS) real 
sharoitlarda yo'l harakatini boshqarish infratuzilmasini aniq vizual tanib olishga katta darajada tayanadi. 
Ob'ektlarni aniqlashning an'anaviy usullari chegaralovchi ramkalardan (bounding boxes) foydalansa-da, piksel 
darajasidagi semantik va instansiya segmentatsiyasi harakatni rejalashtirish va transport vositasini boshqarish 
uchun zarur bo'lgan muhim geometrik tafsilotlarni taqdim etadi. Ushbu maqolada yo'l belgilarini real vaqt 
rejimida segmentatsiyalash uchun chuqur o'rganish modellari, xususan U-Net, Mask R-CNN va YOLOv8-Seg 
modellarining chuqur qiyosiy tahlili taqdim etiladi. O'qitish va baholash ishlari GTSDB (German Traffic Sign 
Detection Benchmark) va TT100K kabi benchmark ma'lumotlar to'plamlarida amalga oshirildi. Yo'l bo'yi 
tasvirlariga xos bo'lgan piksel darajasidagi sinflar o'rtasidagi keskin nomutanosiblikni bartaraf etish maqsadida 
Focal Loss va Dice Loss funksiyalarini birlashtiruvchi gibrid murakkab yo'qotish funksiyasi (loss function) ishlab 
chiqildi. Eksperiment natijalari shuni ko'rsatadiki, YOLOv8-Seg modeli standart o'rnatilgan (embedded) GPU 
apparat ta'minotida soniyasiga 45,2 kadr (FPS) tezlikda ishlagan holda, 89,7% o'rtacha aniqlik (mAP50) va 81,3% 
IoU (Intersection over Union) ko'rsatkichlari bilan optimal muvozanatga erishadi. U-Net modeli 82,1% IoU 
ko'rsatkichi bilan chegaralarni qayta tiklashda yuqori aniqlikni namoyish etdi, Mask R-CNN esa pastroq ishlash 

mailto:anaxonmuqimova@gmail.com


Techscience.uz-Texnika fanlarining dolzarb masalalari 2026-yil |4-jild | 9-son 

20 

tezligida (12,4 FPS) eng yuqori aniqlik (91,2% mAP50) ko'rsatkichiga erishdi. Maqolada PyTorch 2.0 muhitida 
dasturiy kodning amalga oshirilishi va optimallashtirilgan giperparametrlar sozlamalari batafsil bayon etilgan. 
 
Kalit soʻzlar: yo'l belgilarini segmentatsiyalash, chuqur neyron tarmoqlar, U-Net, YOLOv8-Seg, GTSDB, Focal Loss, 
Dice Loss, avtonom transport vositalari, o'rnatilgan ko'rish tizimlari (embedded vision). 

 

DOI: https://doi.org/10.47390/ts-v4i9y2026N03  

 

INTRODUCTION  

The rapid evolution of autonomous vehicles (AVs) and Advanced Driver Assistance 

Systems (ADAS) has positioned real-time computer vision at the core of intelligent 

transportation infrastructure. Reliable perception systems must accurately detect, track, and 

classify traffic regulatory signs, warning indicators, and informational markers under highly 

dynamic operational environments. In environmental conditions characterized by motion blur, 

severe weather, illumination variances, and partial occlusions, inaccurate perception poses 

significant safety hazards.  

Conventional object detection frameworks typically enclose target regions within 

rectangular bounding boxes. However, bounding box representations fail to capture exact 

geometric contours and boundaries, introducing background noise into post-processing 

control algorithms. Pixel-level segmentation—comprising semantic segmentation 

(categorizing each pixel) and instance segmentation (differentiating individual object 

instances)—delivers spatial fidelity essential for precise localization and vehicle path planning.  

Despite advances in deep learning, real-time pixel-level traffic sign segmentation faces 

three primary engineering bottlenecks:  

● Severe Class Imbalance: Traffic signs occupy less than 1-3% of the total pixel area 

in typical high-resolution road scene frames, causing standard cross-entropy loss functions to 

be overwhelmed by background pixels.  

● Embedded Computing Constraints: Onboard vehicle perception systems require 

low latency (minimum 30 FPS) to operate safely at highway speeds, restricting the 

computational complexity of deployable architectures.  

● Scale Variance and Occlusion: Traffic signs vary drastically in scale depending on 

camera distance and are frequently degraded by environmental elements.  

To resolve these challenges, this study presents a systematic evaluation of modern deep 

convolutional architectures. The contributions of this work are three-fold: (1) implementation 

and architectural benchmarking of U-Net, Mask R-CNN, and YOLOv8-Seg on standardized 

public datasets (GTSDB and TT100K); (2) evaluation of a novel compound loss function (Focal-

Dice Loss) to eliminate background pixel dominance; and (3) performance profiling across 

mAP50, IoU, parameter size, and inference latency on embedded edge GPU hardware.  

RELATED WORK  

Traffic sign recognition research has transitioned from traditional hand-crafted feature 

extraction to end-to-end deep learning. Early methodologies relied on color space 

transformations (e.g., HSV, HSI) combined with geometric shape detection techniques such as 

the Hough Transform. While computationally lightweight, these methods lacked robustness 

against varying lighting and degradation.  

The adoption of Convolutional Neural Networks (CNNs) significantly boosted detection 

accuracy. Sermanet et al. demonstrated multi-scale CNNs on the German Traffic Sign 
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Recognition Benchmark (GTSRB), achieving near-human accuracy. For localization and 

segmentation, Long et al. introduced Fully Convolutional Networks (FCNs), establishing pixel-

level prediction standards.  

Subsequent advancements introduced encoder-decoder architectures like U-Net, 

originally designed for biomedical imaging but highly effective in recovering fine-grained 

spatial boundaries via skip connections. For instance-level segmentation, He et al. proposed 

Mask R-CNN, adding a parallel mask branch to Faster R-CNN. Recently, real-time single-stage 

instance segmenters, notably the YOLOv8-Seg architecture, have demonstrated state-of-the-art 

inference efficiency by coupling prototype mask generation with bounding box regression 

heads.  

METHODOLOGY AND THEORETICAL FORMULATION  

Let an input image frame be represented as I ∈ ℝH × W × C, where H, W, and C denote height, 

width, and color channels (C=3), respectively. The segmentation network parameterized by 

weights θ defines a mapping fθ: I → Y, producing a binary or multi-class mask prediction matrix 

Y ∈ {0, 1}H × W × K, where K denotes the number of traffic sign categories.  

Evaluated Network Architectures  

1) U-Net Architecture: Consists of a contracting path (encoder) and an expansive path 

(decoder). The encoder extracts high-level semantic features using repeated 3×3 convolutions 

followed by Max-Pooling (stride 2). The decoder performs upsampling via 2×2 transposed 

convolutions. Skip connections concatenate high-resolution feature maps from the encoder to 

the decoder, preserving boundary details critical for small traffic signs.  

2) Mask R-CNN: A two-stage framework featuring a Feature Pyramid Network (FPN) 

backbone, Region Proposal Network (RPN), RoIAlign extraction layer, and parallel heads for 

classification, bounding box regression, and pixel-level mask generation.  

3) YOLOv8-Seg Architecture: A single-stage anchor-free architecture utilizing a 

CSPDarknet backbone with a C2f module. Segmentative predictions are computed via a Proto 

module that outputs k prototype masks P ∈ ℝH' × W' × k alongside mask coefficients α ∈ ℝk 

predicted per candidate box. The final segmentation mask M is computed as:  

M = σ(P · αT)          (1)  

Compound Loss Function Formulation  

Standard Cross-Entropy Loss suffers under severe pixel imbalance. To enforce focus on 

hard-to-segment foreground sign boundaries, we implement a hybrid compound loss function 

combining Focal Loss (ℒFocal) and Soft Dice Loss (ℒDice):  

ℒTotal = λ1 · ℒFocal + λ2 · ℒDice         (2)  

The Focal Loss term addresses background-foreground confidence imbalance:  

ℒFocal = - αt (1 - pt)γ log(pt)          (3)  

The Soft Dice Loss penalizes spatial non-overlap between ground truth mask y and 

prediction ŷ:  

ℒDice = 1 - (2 Σi=1N yi ŷi + ε) / (Σi=1N yi + Σi=1N ŷi + ε)          (4)  

where ε = 10-7 prevents division by zero, γ = 2.0 is the focusing parameter, and αt = 0.25 

balances class weights.  

EXPERIMENTAL SETUP AND DATASETS  

Benchmark Datasets  

Experiments were conducted using two benchmark traffic sign datasets:  
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● GTSDB (German Traffic Sign Detection Benchmark): Comprises 900 high-

resolution full-scene natural images (1360×800 pixels) containing 1,213 traffic sign instances 

under diverse environmental lighting conditions.  

● Tsinghua-Tencent 100K (TT100K): Contains 100,000 street-view images with 

30,000 annotated traffic signs, representing extreme scale variation and realistic urban clutter.  

Data Augmentation and Preprocessing  

Images were resized to standardized network input dimensions (640×640 pixels). To 

prevent overfitting, online data augmentation was applied during training: random horizontal 

flipping (p=0.5), HSV color jittering (hue=0.015, saturation=0.7, value=0.4), random affine 

rotation (±15°), and Mosaic augmentation.  

PyTorch Implementation Code  

The models were implemented using PyTorch 2.0 and CUDA 11.8. Below is the primary 

PyTorch implementation for the double-convolution block and UNet segmentation core:  
import torch import 

torch.nn as nn  

  
class DoubleConv(nn.Module):     def __init__(self, in_ch, 

out_ch):         super(DoubleConv, self).__init__()         

self.conv = nn.Sequential(             nn.Conv2d(in_ch, 

out_ch, 3, padding=1, bias=False),             

nn.BatchNorm2d(out_ch),             nn.ReLU(inplace=True),  
            nn.Conv2d(out_ch, out_ch, 3, padding=1, 

bias=False),             nn.BatchNorm2d(out_ch),             

nn.ReLU(inplace=True)  
        )  

  
    def forward(self, x):         

return self.conv(x)  

  
class UNetSegmenter(nn.Module):     def 

__init__(self, in_channels=3, num_classes=1):  
        super(UNetSegmenter, self).__init__()         

self.down1 = DoubleConv(in_channels, 64)         

self.pool1 = nn.MaxPool2d(2)         

self.down2 = DoubleConv(64, 128)         

self.pool2 = nn.MaxPool2d(2)         

self.bottleneck = DoubleConv(128, 256)  
        self.up2 = nn.ConvTranspose2d(256, 128, kernel_size=2, 

stride=2)         self.conv2 = DoubleConv(256, 128)         self.up1 = 

nn.ConvTranspose2d(128, 64, kernel_size=2, stride=2)         

self.conv1 = DoubleConv(128, 64)  
        self.final = nn.Conv2d(64, num_classes, kernel_size=1)  

  
    def forward(self, x):         d1 = self.down1(x)         

d2 = self.down2(self.pool1(d1))         bn = 

self.bottleneck(self.pool2(d2))         u2 = 

self.conv2(torch.cat([self.up2(bn), d2], dim=1))         u1 

= self.conv1(torch.cat([self.up1(u2), d1], dim=1))         

return torch.sigmoid(self.final(u1))   

RESULTS AND DISCUSSION  

Models were trained for 100 epochs using AdamW optimizer (initial learning rate lr=1e-

3, weight decay=1e-4) with a batch size of 16 on an NVIDIA RTX 3090 GPU (24GB VRAM). 



Techscience.uz-Texnika fanlarining dolzarb masalalari 2026-yil |4-jild | 9-son 

23 

Performance evaluation employed mean Average Precision at IoU threshold 0.5 (mAP50), Mean 

Intersection over Union (mIoU), Parameter Count (Millions), and Inference Latency (FPS).  

TABLE I. 

COMPARATIVE PERFORMANCE EVALUATION ON GTSDB AND TT100K BENCHMARKS 

Model  

Architecture  

Params 

(M)  

mAP50 

(%)  

mIoU (%)  FPS (RTX  

3090)  
Primary  

Deployment 

Application  

   

U-Net  31.0  88.4  82.1  18.5  High spatial 

precision 

offline  

mapping  

Mask R-CNN  

(ResNet-50)  

44.2  91.2  84.5  12.4  Complex  

multi-object 

scene 

analysis  

YOLOv8n-Se 

g  

3.2  85.1  76.8  82.0  Ultra-low 

latency 

microcontroll 

ers  

YOLOv8m-S 

eg  

27.3  89.7  81.3  45.2  Real-time 

embedded 

ADAS  

platforms  

As summarized in Table I, YOLOv8m-Seg delivers an optimal balance between accuracy 

and operational speed, achieving 45.2 FPS with an mAP50 of 89.7%. This surpasses the real-

time constraint threshold (30 FPS) necessary for automotive integration. Mask R-CNN yields 

the highest overall segmentation fidelity (84.5% mIoU) due to its two-stage alignment 

mechanism, but its lower processing throughput (12.4 FPS) limits its utility in high-speed real-

time control loops. U-Net maintains superior edge contour clarity due to skip-connections, 

making it suitable for high-precision autonomous map creation.  

CONCLUSION  

This paper presents an extensive investigation into deep convolutional architectures for 

real-time traffic sign segmentation. By integrating Focal Loss with Dice Loss, model 

convergence was significantly enhanced, effectively mitigating extreme background pixel 

imbalance. Experimental results demonstrate that YOLOv8m-Seg provides the most effective 

compromise for embedded ADAS systems, generating 45.2 FPS with 89.7% mAP50. Future 

work will focus on post-training quantization (INT8/FP16 TensorRT optimization) and 

deploying hybrid Transformer-CNN backbones on edge platforms such as NVIDIA Jetson Orin. 
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