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Abstract - A Safe Road Manager (SRM) system is developed 

in which a video-surveillance module (YOLO neural network, 
106 layers, ONNX) and an adaptive traffic-light control module 
are for the first time united in a closed loop via a Feedback 
Coordinator. An extended sector load coefficient with a dynamic 
predictive term, an adaptive camera distribution algorithm for 
1–4 cameras, and a cross-sector balancing method are proposed. 
The system is implemented in C# on .NET and validated by unit 
(NUnit) and functional tests. 

Keywords -SRM; YOLO; closed-loop control; adaptive traffic 
regulation; computer vision; feedback coordination; C#. 

I. INTRODUCTION 
Growing urban traffic intensity and the inability of 

traditional fixed-cycle signal control systems to adapt to real 
intersection load are the primary causes of road accidents in 
pedestrian crossing zones [1]. Existing solutions fall into two 
independent classes: video-surveillance systems (Axis 
Camera Station, Milestone XProtect, Qognify VisionHub) and 
regulation systems (SiTraffic Concert/Siemens, ATC/Hitachi, 
ATMS/Conduent) [2,3]. The fundamental problem is the 
absence of feedback between them: detection failures are 
directly propagated into control decisions without any 
correction, and cross-sector synchronization at the intersection 
is not performed at all.Recent advances in deep learning have 
made single-stage detectors the method of choice for real-time 
traffic video analysis [4, 5]. Compared to two-stage methods 
such as Faster R-CNN [10], single-pass architectures like 
YOLO achieve a favourable trade-off between detection 
accuracy and inference latency, making them suitable for 
embedded deployments where GPU resources are unavailable. 
State-of-the-art variants including YOLOv4 [9] further 
demonstrate that architectural improvements to the backbone 
and neck can push mean Average Precision above 43 % on 
MS COCO while maintaining real-time throughput. 

The goal of this work is to eliminate this gap by 
constructing a unified closed loop in which video surveillance 
and regulation interact in real time. The SRM system is the 
first to integrate a custom-trained YOLO neural network, a 
Feedback Coordinator, and a cross-sector balancing algorithm 
into a single C#/.NET software platform.Unlike solutions that 
treat detection and signal control as independent pipelines, the 
proposed SRM architecture enforces bidirectional data 
exchange: every scheduling decision made by the regulation 
module is conditioned on counter reliability scores produced 
by the Feedback Coordinator, and every anomaly suppressed 
by the Coordinator is logged with a timestamp and sector 
identifier for post-hoc audit. This design follows the closed-
loop control paradigm described in [6] and directly addresses 
the synchronisation gap documented in [7, 8]. 

 

II. SRM SYSTEM ARCHITECTURE 
The system follows a three-level modular scheme (Fig. 1): 

a settings module, the EYEVISION observation module, and 
the regulation module. Hardware configuration - cameras, 
traffic lights, and sector parameters - is stored in XML files. 
Inter-module communication is realized via C# structures in 
shared memory (no serialization), guaranteeing data transfer 
latency < 1 ms. Parallel processing of up to four intersection 
sectors is ensured by asynchronous Task/async/await tasks. 
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Fig. 1. Block diagram of the SRM system 

The key architectural element is the Feedback Coordinator 
- a component that closes the loop between the modules and is 
absent from any known analog. The Coordinator continuously 
verifies EYEVISION output counters: it detects anomalies 
using a sliding statistical threshold (a jump > 3σ over the last 
5 cycles is classified as a false trigger), replaces them with the 
median value, and in the event of video stream loss activates a 
two-level priority scheme - Level 1 emergency override or 
Level 2 standard balancing. Thus, a neural network or camera 
failure does not lead to uncontrolled operation.The XML 
configuration layer stores three categories of records: 
hardware descriptors (device IDs, IP addresses, frame-rate 
targets), sector topology (entry directions, pedestrian-zone 
coordinates, adjacency matrix for cross-sector balancing), and 
runtime logs (Kload samples, anomaly events, phase 
durations). The topology file is read once at start-up; runtime 
logs are flushed asynchronously at the end of each regulation 
cycle, introducing a disk-write overhead of less than 0.3 ms 
per cycle measured on a Core i5-8250U test platform. All 
inter-module data structures are plain C# value types passed 
by reference through lock-free queues, eliminating heap 
allocations in the hot path [4, 5]. 

III. EYEVISION OBSERVATION MODULE 
The YOLO architecture was chosen for traffic participant 

detection due to its single-pass mechanism, which provides an 
inference time ≤ 33 ms on CPU (Fig. 2). The network contains 
106 convolutional layers with parallel detection at three scales 
- large, medium, and small objects - which is critical for 
simultaneously tracking trucks and pedestrians in a single 
frame. The model was trained in CVAT on a custom road-
scene dataset and saved in ONNX format for integration with 
ML.NET without GPU dependency.The backbone of the 
network is Darknet-53 [9], a 53-layer residual architecture that 
balances representational capacity with inference speed. The 
custom training dataset comprises 2 150 annotated frames 
captured at six Ukrainian urban intersections under varying 
weather and lighting conditions, labelled in CVAT with two 
classes: “vehicle” (cars, buses, trucks) and “person” 
(pedestrians and cyclists). The 80 / 20 train-validation split, 
mosaic augmentation, and cosine learning-rate annealing over 
230 epochs produced a model with mAP@0.5 = 71.4 % on the 

held-out validation set - sufficient for reliable sector load 
estimation at frame rates of 25–30 fps on CPU-only hardware, 
consistent with the original YOLOv3 benchmarks reported in 
[10,11]. 

The OutputParser class performs post-processing: sigmoid 
activation for bounding box coordinates, Softmax 
normalization of probabilities, and filtering by Intersection 
over Union ≥ 0.5. The principal distinction from unified 
detectors is an adaptive class distribution between cameras: 
with two cameras connected, one specializes exclusively on 
the “vehicle” class and the other on “person”. This eliminates 
class competition for the confidence resource of a single 
stream and improves recall for the rare class (typically 
pedestrians) in dense traffic. With four cameras, the 2+2 
scheme processes road and pedestrian zones respectively. The 
mode switches automatically without restart.Confidence 
thresholds for each class were calibrated independently on the 
validation set: 0.40 for “vehicle” and 0.35 for “person”, 
reflecting the lower frequency and higher importance of 
pedestrian detections. 

 
Fig. 2. YOLO v3 architecture of the SRM model (106 layers, 3-scale 
detection) 

The choice of IoU ≥ 0.5 for Non-Maximum Suppression 
follows the standard MS COCO evaluation protocol [12] and 
was confirmed to minimise double-counting of large buses 
that span multiple grid cells. Post-processing latency for a 
640×480 frame is 2.1 ms on average, leaving the remaining 
cycle budget for Coordinator verification and regulation 
computations. 

IV. ADAPTIVE REGULATION MODULE 
The module receives corrected counters from the 

Coordinator for each sector and computes the load coefficient: 

														𝐾𝑙𝑜𝑎𝑑(𝑡) = 	𝛼 ⋅
𝑁𝑝
𝑁𝑝 + 𝛽 ⋅

𝑁𝑣
𝑁𝑣,																					(1) 

where α = β = 0.45 are the pedestrian and vehicle 
weighting coefficients; γ = 0.10 is the dynamic component 
coefficient; ΔKₙₑₐᴅ/Δt is the load increment over the previous 
cycle. The third term is predictive: it accelerates system 
response to growing traffic 1–2 cycles before the threshold 
Kₙₑₐᴅ ≥ 0.6 is reached, solving the latency problem inherent in 
purely reactive approaches. 
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When Kₙₑₐᴅ(t) ≥ 0.6, the unloading mode activates with 
preset or default signal intervals. Otherwise, the cross-sector 
balancing method takes effect: when sector A is unloaded, the 
adjacent sector B receives a preventive reduction of the green 
phase by Δt = f(ΔKₙₑₐᴅ), neutralizing the wave effect – a 
documented phenomenon in which optimization of one sector 
systematically degrades the state of the next. A manual mode 
is also supported: the operator can set an arbitrary color, time, 
or flashing signal for any sector via the GUI.Reinforcement-
learning-based controllers offer an alternative framework for 
adaptive signal timing, but require offline training on traffic 
simulators and exhibit convergence instability under abrupt 
load changes - a scenario that occurs frequently at pedestrian 
crossings during school-hour peaks. The explicit load-
coefficient formulation adopted in SRM provides 
deterministic, interpretable behaviour under sensor faults and 
enables operators to audit every scheduling decision via the 
XML log without black-box inference, which is a regulatory 
requirement for safety-critical infrastructure in Ukraine. 

V. TESTING AND RESULTS 
Validation was conducted at two levels. Automated unit 

testing (NUnit) verified: the Sigmoid function (x = 0.5 → 
0.6225, δ < 10⁻⁴); Softmax normalization (sum = 1.000 ± 10⁻⁴); 
the IoU filtering algorithm (from 3 overlapping boxes, 2 are 
selected at threshold 0.5). All 10+ tests passed. 

Functional testing confirmed: correct detection under 
various lighting conditions; automatic switching between 1–4 
camera modes without restart; the Coordinator successfully 
suppressed artificially introduced counter jumps of ±200%; at 
Kₙₑₐᴅ(t) > 0.6 the system activated the unloading mode with 
parameter logging to XML (Fig. 3). The predictive term 
γ⋅ΔKₙₑₐᴅ/Δt reduced the average response time to growing 
traffic from 2.4 to 1.1 cycles compared to the baseline 
formula.A comparative evaluation against YOLOv4 [9] using 
identical hardware and dataset showed that YOLOv4 achieved 
mAP@0.5 = 74.1% - 2.7 percentage points higher –  but 
required 48 ms average inference time on CPU, exceeding the 
33 ms budget of the SRM real-time loop. For the two-camera 
adaptive distribution mode, the per-class recall for “person” 
reached 84.3% versus 71.2% in the single-stream baseline, 
confirming that class specialisation compensates for the lower 
backbone capacity of YOLOv3 in dense mixed-traffic scenes. 

 
Fig. 3. SRM interface: YOLO detection and adaptive traffic light control 

VI. CONCLUSIONS 
The SRM system has been developed and verified—the 

first implementation of a closed loop between video-
surveillance and traffic regulation subsystems for pedestrian 
crossing and intersection zones. Integration of the Feedback 

Coordinator, two-level priority scheme, adaptive camera 
distribution, predictive component in Kₙₑₐᴅ(t), and cross-sector 
balancing forms a comprehensive contribution that goes 
beyond both qualifying theses. The system is deployed on 
existing hardware without infrastructure changes. Prospective 
directions include federated retraining of the YOLO model on 
distributed intersection nodes and cloud aggregation of traffic 
time series for regional predictive control. A planned upgrade 
to the YOLOv4 backbone [9] with TensorRT quantisation is 
expected to reduce CPU inference latency below 25 ms, 
allowing the regulation cycle to be tightened from 1 s to 500 
ms and enabling real-time response to rapidly changing 
pedestrian flows. Integration with city-level UTMC platforms 
via NTCIP 1211 will be investigated as part of a follow-on 
project. 
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