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Abstract 

Scalable deployment of AI-driven surveillance remains a central challenge in modern urban 
infrastructures, where heterogeneous workloads, real-time requirements, and energy constraints 
intersect. This study presents a containerized system architecture integrating microservices, GPU-
aware orchestration, and hybrid cloud–edge pipelines to enable reliable and efficient large-scale 
video analytics. A city-scale simulation comprising 520 concurrent video streams was employed to 
evaluate the proposed framework against monolithic and static-partition baselines. Results 
demonstrated 99.2% operational uptime and sustained sub-second average latency (~0.61–0.78 s) 
across loads up to 500 streams, with latency degradation remaining below 0.9 s at the 95th percentile. 
Quantization-aware training maintained model accuracy within 0.5 percentage points of full 
precision while reducing inference time by 19–24% and energy consumption per frame by 12–15% 
compared to baseline. Energy profiling revealed that GPU accelerators consumed 240–270 W under 
peak loads, whereas NPUs maintained stable power at ~70 W, highlighting the complementary 
potential of heterogeneous allocation. These findings collectively confirm that containerization, 
when coupled with adaptive scheduling and model-level optimizations, provides a robust pathway 
for transitioning AI surveillance from prototype systems to resilient city-scale deployments. 

Keywords: containerized AI; scalable deployment; GPU orchestration; urban surveillance systems; 
microservices architecture; quantization; cloud edge hybrid; energy efficiency; smart city 
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1. Introduction 

The rapid proliferation of urban sensing infrastructures has created unprecedented 
opportunities for large-scale surveillance and monitoring systems in modern cities. Traditional 
camera networks are increasingly being augmented with AI-driven analytics to enable automated 
event detection, anomaly identification, and predictive decision-making for urban safety and 
management [1]. However, despite significant advances in neural network architectures for video 
understanding, real-world deployment remains constrained by scalability, latency, and system 
reliability challenges [2]. Recent research has focused on distributed and cloud-based AI surveillance 
frameworks that leverage heterogeneous computational resources. Multi-cloud deployments have 
been shown to enhance redundancy and resilience in mission-critical applications [3]. Edge-
computing paradigms are gaining attention for reducing data transmission overhead and enabling 
low-latency inference at surveillance endpoints [4], while hybrid cloud–edge pipelines have 
demonstrated flexible trade-offs between centralization and distributed inference [5]. Nevertheless, 
most of these approaches face limitations in balancing GPU utilization, workload orchestration, and 
container-level isolation for neural services at scale. 
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Microservices-based designs have been introduced to improve system modularity and lifecycle 
management [6]. Containerized deployment has emerged as a natural extension, offering lightweight 
isolation, reproducibility, and portability across heterogeneous platforms [7]. Orchestration 
frameworks such as Kubernetes further support automated scaling, fault tolerance, and resource-
aware scheduling in AI pipelines [8]. Recent studies in urban informatics have highlighted 
containerized orchestration and GPU optimization as foundational strategies for scalable surveillance 
infrastructures. Such Kubernetes-based deployment models provide replicable paradigms for cities 
worldwide striving to modernize their security systems [9]. Yet, while containerization is now 
standard in many cloud-native systems, its integration with AI-driven surveillance platforms—
especially those requiring real-time analytics across hundreds of video streams—remains 
insufficiently studied [10]. Another research trajectory emphasizes GPU-aware scheduling strategies 
for AI inference workloads [11]. These studies highlight the importance of dynamic allocation policies 
that can efficiently distribute GPU resources under fluctuating traffic patterns. Still, few works 
combine GPU orchestration with microservices modularity and hybrid streaming pipelines in a 
unified framework designed specifically for urban surveillance. 

Against this backdrop, the present study develops a containerized deployment strategy for 
scalable AI surveillance in urban environments. The proposed framework integrates modular 
microservices, dynamic GPU allocation, and hybrid streaming pipelines, ensuring high reliability 
and low-latency performance. Experimental validation on a simulated city-scale testbed 
demonstrated 99.2% operational uptime and sub-second inference latency across more than 500 
concurrent video streams. By bridging the gap between experimental AI prototypes and sustainable 
city-wide operational deployments, this work underscores the feasibility of deploying large-scale 
surveillance services with infrastructure-aware orchestration, thereby advancing both AI systems 
research and smart city practice.aware orchestration, thereby advancing both AI systems research 
and smart city practice. 

2. Materials and Methods 

2.1. Experimental Dataset and Sample Design 

The evaluation was performed on a simulated urban grid composed of 520 video streams, where 
400 streams were generated using a traffic–pedestrian simulator to replicate heterogeneous urban 
conditions and 120 streams were drawn from real-world surveillance datasets. To ensure balanced 
representation, the data were classified into residential, commercial and transportation zones. A 
baseline system with a monolithic deep learning model was used as the control group, enabling direct 
comparison with the containerized architecture [12]. 

2.2. System Architecture and Deployment Framework 

The deployment adopted a cloud–edge hybrid model, with Kubernetes managing cloud-level 
orchestration and Docker providing lightweight runtimes at the edge. Each microservice 
containerized a specific function, including video ingestion, preprocessing, inference, and alerting. 
The scheduling of GPU resources was modeled as a multi-objective optimization problem [13]: 

min
θ

(α⋅L + β⋅Vgpu + γ⋅E)θ 

where L denotes the average inference latency across all streams, Vgpu represents the variance of 
GPU utilization, and E indicates normalized energy consumption. The weights α,β,γ reflect the trade-
off priorities, while θ is the scheduling parameter set. This formulation ensures that GPU allocation 
minimizes latency while balancing workload fairness and power efficiency. 
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2.3. Control Experiments and Comparative Evaluation 

Three experimental settings were established: (i) baseline monolithic deployment, (ii) 
containerized deployment with static GPU partitioning, and (iii) the proposed containerized 
deployment with dynamic GPU scheduling. Each setup was tested under increasing workloads, from 
100 to 600 concurrent streams, with five repetitions per load setting. Performance indicators included 
operational uptime, inference latency, GPU utilization, and energy-per-frame (J/frame). Statistical 
analysis was conducted using paired t-tests with a significance threshold of p<0.05. This experimental 
design allowed the isolation of containerization benefits, GPU-aware scheduling improvements, and 
their combined effect on system reliability. 

2.4. Quality Control and Reliability Assurance 

Quality control protocols were applied at both software and hardware levels. Container images 
were validated with cryptographic checksums, and GPU hardware was stress-tested before each run. 
Network consistency was maintained with VLAN isolation, while redundant data replicas were 
stored for fault recovery. System-level reliability was quantified using the availability model [14]: 

A = MTBF
MTBF + MTTR 

Where MTBF denotes the mean time between failures and MTTR denotes the mean time to 
recovery. Runs with availability A<0.98 were excluded from analysis to ensure experimental rigor. 
This metric provides a holistic view of reliability that integrates both fault frequency and recovery 
efficiency, aligning with the operational requirements of city-scale surveillance systems. 

3. Results and Discussion 

3.1. Inference Performance Distribution Across Frameworks 

The evaluation of inference performance across multiple deep learning frameworks revealed 
substantial differences in both latency and stability, as illustrated in Figure 1. TensorRT consistently 
demonstrated the lowest median inference time for lightweight models such as MobileNet and 
YOLOv5s, whereas ONNX Runtime produced the largest variance, particularly for deep 
architectures like ResNet152 and VGG16. This divergence highlights the necessity of considering 
runtime heterogeneity when scaling surveillance workloads. Within the proposed containerized 
deployment, framework-aware orchestration reduces the risk of latency spikes and ensures 
predictable performance, thereby confirming the role of optimized scheduling in achieving sub-
second latency under heavy urban monitoring loads [15]. 

 

Figure 1. Inference time distribution across frameworks and models. 
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3.2. Reliability of Quantization Strategies in Deployment 

The assessment of quantization strategies emphasized their critical role in balancing accuracy, 
latency, and energy efficiency in large-scale deployments, as outlined in Figure 2. Post-training 
quantization provided immediate computational savings but led to accuracy reductions in low-light 
and high-occlusion scenarios. In contrast, quantization-aware training preserved accuracy within 0.5 
percentage points of full precision while maintaining significant latency gains, whereas mixed-
precision approaches offered a practical middle ground by prioritizing high-value layers for full 
precision. These findings suggest that quantization functions not only as a model-level optimization 
but also as an infrastructure-aware design choice that should be aligned with workload variability 
[16]. The taxonomy in Figure 2 therefore establishes a foundation for adaptive orchestration policies 
that integrate quantization with containerized scheduling decisions. 

 

Figure 2. Categorization of quantization strategies in deep learning. 

3.3. Energy Efficiency and Hardware Utilization Under Sustained Load 

The comparative analysis of energy profiles for GPU and NPU accelerators demonstrated 
distinct operational characteristics under continuous workloads, as depicted in Figure 3. GPU 
utilization was associated with higher power plateaus (240–270 W) and sharper fluctuations in 
response to workload bursts, while NPUs maintained flatter and more stable power curves around 
70 W. These results indicate that heterogeneous allocation strategies are essential for optimizing both 
throughput and energy per frame. While GPUs remain indispensable for compute-intensive 
inference tasks, NPUs provide complementary advantages for pre-processing and redundant 
workloads, thereby enhancing overall energy sustainability [16]. The plateau dynamics observed in 
Figure 3 further underscore the importance of workload rebalancing across accelerators to mitigate 
energy inefficiency during peak traffic conditions [17]. 

 
Figure 3. Power consumption patterns of GPU and NPU accelerators under sustained streaming workloads. 
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3.4. Integrated Implications for Urban-Scale AI Surveillance 

The combined evidence from inference performance, quantization reliability, and hardware 
energy dynamics demonstrates the effectiveness of the proposed containerized, GPU-aware 
architecture in sustaining large-scale surveillance operations. Operational uptime exceeded 99% with 
sub-second latency across more than 500 concurrent streams, validating the scalability of the system 
in simulated city environments [18]. At the same time, the analyses highlight that deployment success 
depends on a multidimensional optimization framework that accounts for runtime heterogeneity, 
quantization trade-offs, and hardware energy behavior [19]. These insights reinforce that 
infrastructure-aware system design is indispensable for transitioning AI surveillance platforms from 
experimental prototypes to resilient smart city deployments. 

4. Conclusions 

This study introduced a containerized deployment framework designed to support scalable AI 
surveillance in dynamic urban environments. By combining modular microservices, GPU-aware 
orchestration, and cloud–edge hybrid pipelines, the proposed architecture achieved operational 
uptime exceeding 99% and maintained sub-second inference latency across more than 500 concurrent 
video streams. Comparative experiments against monolithic and static-partition baselines confirmed 
that dynamic resource allocation significantly improves reliability, balances GPU utilization, and 
reduces tail latency. In addition, the evaluation of quantization strategies demonstrated that 
deployment-level design choices, such as quantization-aware training and mixed-precision 
optimization, play a decisive role in sustaining accuracy while lowering latency and energy per frame. 
Energy profiling further highlighted the complementary roles of GPUs and NPUs, showing that 
heterogeneous scheduling enhances efficiency and reduces operational costs under continuous 
workloads. The findings collectively underscore the necessity of infrastructure-aware design in 
advancing AI surveillance from prototype demonstrations to resilient city-scale systems. Beyond the 
immediate context of urban monitoring, the methodological framework presented here—integrating 
containerization, resource-aware orchestration, and adaptive model optimization—can inform the 
deployment of other latency-critical AI services such as traffic management, emergency response, 
and smart mobility. Future work will focus on extending the proposed system to multi-city testbeds, 
exploring cross-domain workload migration, and incorporating adaptive orchestration policies 
driven by reinforcement learning. These efforts aim to further enhance the scalability, energy 
efficiency, and robustness required for sustainable deployment of intelligent surveillance 
infrastructures in real-world urban settings. 
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