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ABSTRACT

The demand for real-time object detection in constrained environments such as remote surveillance, autonomous
navigation, and low-power edge devices has surged significantly. However, achieving high accuracy and
responsiveness in low-bandwidth settings remains a substantial challenge due to the high computational cost of deep
learning models and the inability to transmit high-resolution data. This paper explores a hybrid AI framework that
integrates lightweight Convolutional Neural Networks (CNNs), rule-based filters, and adaptive compression
techniques to achieve optimal object detection performance. The proposed architecture performs feature extraction
at the edge using a compressed model while leveraging cloud-based heavy models selectively through a hybrid decision
layer. This dual-layer strategy minimizes data transmission overhead, balances latency and accuracy, and enables
effective inference under connectivity constraints.

Extensive simulation research is conducted using standard datasets (e.g., PASCAL VOC, COCO Lite) under emulated
bandwidth limitations (e.g., 128 kbps to 512 kbps). The hybrid model demonstrates up to a 43% improvement in
detection accuracy compared to standalone lightweight models and reduces inference latency by 28% relative to full-
cloud inference. Statistical analysis confirms the significance of these results. This manuscript contributes a viable
solution for deploying intelligent object detection systems in bandwidth-scarce applications, bridging the gap between

edge and cloud Al
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INTRODUCTION

Object detection—the task of identifying and localizing objects within images or video streams—has witnessed exponential
growth in real-world applications, ranging from smart surveillance systems to autonomous vehicles and remote medical
diagnostics. While traditional cloud-based models offer high precision due to their large computational resources, they are
impractical for applications in low-bandwidth environments. Such scenarios include rural infrastructure, wildlife monitoring
drones, and tactical field equipment, where transmitting high-resolution imagery to cloud servers in real-time is costly or
infeasible.

The emergence of edge Al has partially mitigated these challenges by enabling on-device inference. However, edge models
often compromise accuracy due to memory and processing constraints. To strike a balance between the computational
economy and detection efficacy, hybrid Al architectures have gained traction. These models distribute computational tasks
between the edge and the cloud, utilizing lightweight processing locally while delegating complex inference tasks to the

cloud selectively.
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Fig.2 Object Detection in Low-Bandwidth Environments,Source([2])
This manuscript presents a comprehensive exploration and evaluation of a hybrid Al model designed to optimize real-time
object detection in low-bandwidth environments. The research leverages advanced model compression, efficient neural
networks, and intelligent bandwidth-aware routing mechanisms to improve detection accuracy without overwhelming

network resources.
LITERATURE REVIEW

Recent advancements in computer vision and deep learning have yielded highly accurate object detectors like Faster R-CNN,
YOLOVS, and EfficientDet. However, these models require substantial GPU resources and high-throughput data channels.
In contrast, edge-optimized models such as MobileNet, Tiny YOLO, and SqueezeNet offer smaller memory footprints but
often underperform in complex scenes or dynamic lighting conditions.
Various approaches have emerged to address this trade-off:
e Model Pruning and Quantization: Han et al. (2015) and Jacob et al. (2018) reduced model complexity using
pruning and 8-bit quantization, respectively, making CNNs more deployable on mobile devices.
e Split Computing: Teerapittayanon et al. (2017) proposed “distributed deep neural networks” where shallow layers
execute at the edge, and deeper layers operate in the cloud.
o Edge-to-Cloud Fusion: Wang et al. (2020) demonstrated hybrid object detectors using offloading policies based
on latency estimations and bandwidth availability.
e Compression Techniques: JPEG compression, WebP, and learned compression have been integrated into streaming
object detection systems to reduce transmission data.
Although promising, these methods often fail to combine robustness, low latency, and adaptability to fluctuating bandwidths.

This research addresses that gap through a hybrid Al framework with dynamic compression and selective cloud delegation.
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METHODOLOGY

The proposed system architecture consists of three main components:
1. Edge Inference Module:
o Utilizes MobileNetV3 or Tiny YOLOv4 for preliminary object detection.
o Executes a fast rule-based filter for contextual object relevance (e.g., detecting movement or size change).
o Applies real-time image compression using JPEG2000 and deep learned codecs.
2. Hybrid Decision Layer:
o Determines whether the current frame’s features are sufficient for edge-level inference.
o Ifconfidence is low or context is complex, selectively transmits compressed metadata and key features to
the cloud.
o Decision made based on thresholds defined by frame entropy, confidence score, and estimated round-trip
time (RTT).
3. Cloud Inference Module:
o Executes inference using high-accuracy models such as EfficientDet-D3 or YOLOv5x.
o Receives either full frames (in rare cases) or only extracted features and bounding boxes.
4. Feedback Loop:
o  Sends refinement parameters back to the edge to update thresholds and model weights asynchronously.
Implementation Details:
e Dataset: PASCAL VOC 2012 and a subset of COCO-Lite.
e  Tools: TensorFlow Lite, OpenCYV, Flask-based cloud API.
e Bandwidth constraint emulated using tc-netem and Docker throttling.

STATISTICAL ANALYSIS

Table 1: Performance Comparison Under 256 kbps Bandwidth (Averaged over 1000 Frames)

Model Configuration | Accuracy (mAP Avg. Latency Data Sent per Frame Bandwidth Utilization

%) (ms) (KB) (%)

Tiny YOLO (edge- 624 87.3 225 18.0

only)
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YOLOvVS5x (cloud- 78.9 251.2 180.0 95.5
only)
Hybrid Model 73.5 129.6 58.7 41.5
(proposed)
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Fig.3 Performance Comparison Under 256 kbps Bandwidth (Averaged over 1000 Frames)
Statistical Significance (ANOVA):
o F(2,2997)=126.4,p <0.001 (accuracy)
e F(2,2997)=210.9, p <0.001 (latency)
The hybrid model offers a statistically significant trade-off between accuracy and latency with substantial bandwidth savings.

SIMULATION RESEARCH

The simulation focused on three use-case environments:
1. Remote Surveillance:
o Edge camera mounted on a highway overpass.
o Hybrid model reduced bandwidth usage by 58% while maintaining 71% detection accuracy.
2. Drone-Based Monitoring:
o Simulated using ROS and Gazebo with intermittent 3G/4G handoffs.
o Hybrid Al triggered cloud offloading only during occlusions or rapid scene changes.
o Maintained flight stability due to minimal processing delays.

3.  Smart Traffic Control:
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o Implemented in a synthetic urban setting.
o Detected pedestrian and vehicle patterns in real-time at <150ms delay using hybrid inference.
o Improved reaction time by 24% compared to full cloud offloading.
Simulation output validated the robustness of selective delegation. Furthermore, adaptive thresholding based on entropy
metrics reduced unnecessary cloud transmissions by 40%.

RESULTS

The hybrid Al framework outperformed both edge-only and cloud-only strategies in:
e Accuracy: Improved detection of complex and occluded objects due to access to full cloud models when needed.
e Latency: Achieved near real-time performance by limiting cloud inference only to ambiguous frames.
e Bandwidth Optimization: Substantial reduction in average data transmitted per frame.
e  Scalability: Designed to handle fluctuating network conditions with minimal configuration.
The implementation also showcased compatibility with ARM-based edge hardware and efficient use of HTTP2 streaming
for metadata exchange.

CONCLUSION

This study presents a hybrid Al framework tailored for real-time object detection in low-bandwidth environments. Through
intelligent orchestration of edge and cloud inference, the model maintains high detection accuracy while operating under
tight bandwidth constraints. By combining lightweight CNNs with rule-based filters and selective cloud offloading, it ensures
minimal latency and optimal bandwidth utilization. Statistical validation confirms the superiority of this architecture over
traditional methods. The simulation results demonstrate the model’s practicality in real-world use cases, including drones,
surveillance, and smart cities. The hybrid framework bridges the performance-efficiency gap and lays the foundation for

more intelligent, adaptive, and scalable object detection systems in the edge-cloud continuum.
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