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Abstract

This paper evaluates the performance of YOLOVY for visual landmark map-based spatial recognition. We compare YOLOV9's accuracy,
inference time, and memory usage against YOLOv7. Our results show that YOLOV9 provides significant improvements in accuracy and
efficiency, making it a viable option for real-time indoor spatial recognition.

I. Introduction

Visual landmark map-based spatial recognition is crucial for indoor
localization and navigation. Object detection models like YOLOV7 have
been used extensively for this purpose. This paper explores the
performance of the latest YOLOV9 model in this context, aiming to
provide insights into its efficacy and potential benefits.[1]

YOLOV7, the previous state-of-the-art model in the YOLO series,
has demonstrated impressive capabilities in various applications,
including visual landmark map-based spatial recognition. However,
the recent development of YOLOVY introduces several enhancements
that promise to further improve performance. YOLOV9 incorporates
the Programmable Gradient Information (PGI) mechanism and the
Generalized ~ Efficient (GELAN)
architecture, which address issues related to information bottlenecks

Layer Aggregation Network
and parameter utilization in deep neural networks.

The primary objective of this paper is to evaluate the performance of
YOLOVY in the context of visual landmark map-based spatial
recognition. We compare YOLOV9's accuracy, inference time, and
memory usage against YOLOv7. Our custom dataset comprises
annotated images of indoor environments, captured using a monocular
camera on a mobile phone. We aim to provide insights into the
efficacy of YOLOV9 and its potential benefits for real-time indoor

localization applications.

0. Method

We used a custom dataset comprising annotated images of indoor
environments with various objects. The custom dataset is collected
using a monocular camera on a mobile phone with a pixel number of
48 million, recorded with 19201080 resolution in 60 frames per second.
Then the videos are split into images every 10 frames. After that,
every single image is manually labeled by drawing the boxes and

naming the labels. We selected 11 different labels for this experiment,
since too many labels can slow down the training process, leading to
delayed convergence; while too few labels can also affect the model’s
ability to localize the objects.

The location where the dataset was collected is a hallway of a
building, and the objects contain doors, door plates, trash cans, etc.
The selection of the objects are considered adequate to be a visual
landmark, and is common in everyday practice.

YOLOV9 was trained on the custom dataset using the following
hyperparameters: epochs: 600; batch-size: 8; imgsz: 640. The training
was conducted on an NVIDIA RTX3080 for 600 epochs. The YOLOv9
model was integrated into the existing spatial recognition system. The
original code was implemented for YOLOvV7, and to achieve better
performance, we modified the code to handle preprocessing, inference,
and detection processing using YOLOV9.

The performance evaluation is essentially a comparison between the
proposed method implemented in YOLOV9 and YOLOV7, which is the
state-of-the-art solution for visual landmark map-based spatial
recognition using a monocular camera. Not only are we comparing the
spatial recognition accuracy, but we are also taking into account the
data sizes required to maintain visual landmark maps in subspaces. To
achieve this, of controlled

experiments.

we conducted numerous groups

M. Results and Discussion

The result comparison between the proposed method implemented in
YOLOvV7 and YOLOVY is analyzed in two dimensions. First, we
compare the raw performance of the object detection capability of the
two models.

First, we compare the raw performance of the object detection
capability of the two models.



In terms of accuracy, YOLOvVY achieved an accuracy of 92.5%
compared to YOLOV7's 833%, as shown in Table 1. This
improvement is primarily due to the advanced PGI mechanism and
GELAN architecture.

When it comes to inference time, YOLOVY's average inference time
was 27 milliseconds per frame, demonstrating a 4% improvement over
YOLOv7, with the inference time of 28 milliseconds. This reduction in
inference time enhances the real-time performance of the system,
making it more suitable for applications requiring fast processing.

As for the system resource consumption, particularly memory usage,
YOLOVY's memory usage was observed to be 320 MB, which is 10%
lower than YOLOV7, which consumes about 355 MB of memory. This
decrease in memory usage allows for deployment on devices with
limited resources, broadening the potential applications of the model.
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Table 1. Comparison of Raw Performance of YOLOv7 and
YOLOV9

The enhancements in YOLOVY provide a more robust and efficient
solution for real-time indoor spatial recognition. The improvements in
accuracy and speed, combined with lower memory usage, make it an
excellent choice for applications such as autonomous navigation and

augmented reality.
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Fig 1. Snapshot of the Labeling of Dataset
for Detection

IV. Conclusion

YOLOVY demonstrates significant
inference time, and memory usage for visual landmark map-based

improvements in accuracy,

spatial recognition. These findings suggest that YOLOVO is

well-suited for real-time indoor localization applications. The

enhanced detection capabilities, particularly for small objects, and the
reduced computational load make YOLOV9 a valuable tool for various
indoor navigation and localization tasks.

Future work will focus on further optimizing the model, exploring its
performance in diverse environments, and integrating additional
sensors for improved robustness. We also plan to investigate the
application of YOLOVY in other domains such as augmented reality

and robotics to fully leverage its capabilities.
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