20214 128 St=AZEQ o AFEIIsE =24 M172 H2Z

=& 2021-2-9  http://dx.doi.org/10.29056/isav.2021.12.09

HPAHEe o 4

Algorithm for the Analysis of business district
using Pedestrian—-Detection
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Abstract

In this paper, we propose an algorithm that provide services to consumers who want to conduct
business by scientifically and systematically analyzing the number of pedestrians in a specific area over a
specific period of time. In this paper, we proposed the algorithm to analyze the commercial area using the
pedestrian-detect algorithm in the particular region using YOLO, one of the deep learning techniques. And
with one image per minute in the images, the number of pedestrians is identified and this information is
used for the analysis of business district on interesting area and time, systematically and objectively.
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Table 1. Performance on the COCO Dataset
Model Train Test mAP FPS
:ggié COCO trainval test-dev | 481 | 40
Tiny YOLO COCO trainval test-dev 237 244
YOLOv3-320 | COCO trainval test-dev 515 45
YOLOv3-416 | COCO trainval test-dev 55.3 35
YOLOv3-608 | COCO trainval test-dev 57.9 20
YOLOv3-tiny | COCO trainval test-dev 331 220
YOLOv3-spp COCO trainval test-dev 60.6 20
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Fig. 3. The example of pedestrian analysis on maps
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Table 2. Spec. of NVIDIA Jetson AGS Xavier

512-core Volta GPU with Tensor

GPU
Cores

cPU 8-core ARM v8.2 64-bit CPU,

8MB L2 + 4MB L3

Memory 32GB 256-Bit LPDDR4x | 137GB/s

Storage 32GB eMMC 5.1

DL )

Accelerator (2x) NVDLA Engines

Vision 7-way VLIW Vision Processor

Accelerator

Encoder (2x) 4Kp60, HEVC/(2x) 4Kp6O,

/Decoder 12-Bit Support

Size 105 mm x 105 mm x 65 mm

Deployment Module (Jetson AGX Xavier)
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