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Abstract: With the rapid development of artificial intelligence technology, unmanned delivery services are increasingly
used in restaurants, hotels and other scenes. In this study, for the autonomous obstacle avoidance problem in unmanned
delivery service, a generalized simulation experiment method for autonomous obstacle avoidance based on game Non-
Player Character (NPC) is proposed. Through simulation research and experimental verification, the obstacle avoidance
strategy of the game NPC is innovatively applied to simulate and optimize the obstacle avoidance behavior of unmanned
delivery robots in complex environments. This study uses an optimized You Only Look Once v5 (YOLOvS) model as
the core of NPC visual processing, increasing processing speed to 21.7 ms. Compared with benchmark models such as
YOLOVS5, this model significantly improves the efficiency of simulation experiments while maintaining high recognition
precision. Based on this model, this study designs and implements a series of efficient decision-making mechanisms to
ensure that NPCs can effectively avoid obstacles in simulated scenarios. In addition, this study developed a path planning
and decision-making system suitable for unmanned delivery robots, ensuring that robots can operate safely and efficiently
in complex environments. The research results provide a solid technical foundation for the continuous improvement and
widespread promotion of unmanned delivery services. They also promote the research and application of autonomous
obstacle avoidance technology based on game NPCs in the field of unmanned delivery, laying an important theoretical
foundation for the development of unmanned delivery technology.
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1. Introduction

In today’s era, the rapid development of artificial intelligence technology has profoundly changed our lifestyle and
work mode [1-3]. Especially in the service industry, the application of Artificial Intelligence (Al) is gradually subverting
the traditional service model, bringing unprecedented convenience to consumers. Unmanned delivery services (During the
delivery process, automated equipment such as driverless vehicles is used to complete delivery tasks through autonomous
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operation), as a product of this change, provide innovative solutions to solve problems such as long queues, inefficient
delivery, and touchless delivery in hotels. Whether in campus cafeterias or other scenarios, unmanned delivery services
have become the key to improving service quality and efficiency [4, 5]. Therefore, exploring the technological innovation
of unmanned delivery services in campus cafeterias, hotel delivery and other scenarios not only has practical application
value, but also conforms to the development trend of modern service industry.

This study focuses on obstacle avoidance, a key issue in unmanned delivery services [6]. In complex dynamic
environments (e.g., campus cafeterias), unmanned delivery robots need to face challenges such as dense crowds and
diverse obstacles, which puts higher demands on the robot’s perception, decision-making, and execution capabilities. To
simulate this process, this study innovatively adopts the obstacle avoidance technique of game Non-Player Character
(NPC) to simulate the obstacle avoidance behavior of unmanned delivery robots. Although the game industry has made
significant progress in terms of graphical expressiveness, the realism and intelligence of NPCs are still insufficient [7].
Traditional NPCs usually rely on preset routes or behavioral trees to achieve obstacle avoidance and lack the randomness
and responsiveness of real creatures. For this reason, this study introduces computer vision technology to endow NPCs
with visual perception and decision-making ability closer to humans.

Computer vision technology aims to equip computers with human-like visual capabilities to extract information from
images and use it for specific purposes [8]. By applying computer vision technology to game NPCs, this study realizes
autonomous obstacle avoidance for NPCs in virtual scenes. Although the application of computer vision in games is not
yet common, the concept is similar to autonomous driving technology in virtual worlds [9], except that it requires less
safety. In this study, we use the Unreal 4 game engine [10] to build a virtual scene and the optimized YOLOv5 model
[11] for obstacle recognition and decision making.

The main contributions of this study are as follows:

1. Integrate computer vision technology into game development, realize virtual life with computer vision as the
“eye”, and promote computer vision to be part of game implementation.

2. The benchmark YOLOVS model is optimized for computational speed requirements to improve computational
efficiency without significantly affecting performance.

3. The decision-making mechanism of NPC is designed and implemented, including the three links of distance
measurement, result calculation and result transmission, and its feasibility is verified through experiments.

Through these studies, we not only provide new perspectives to enhance the realism of game NPCs, but also provide
a reference for simulation studies on obstacle avoidance in unmanned delivery services.

This paper is organized as follows: Section 2 systematically reviews key technologies such as NPC intelligent design,
YOLO model optimization, and attention mechanisms, providing a theoretical foundation for the research. Section
3 focuses on model optimization, proposing a Distance-Weighted Confidence metric (DWC) to address the issue of
low confidence in detecting distant objects, and achieving a balance between speed and precision by introducing the
Mobile One module and Convolutional Block Attention Module (CBAM) attention mechanism (inference time optimized
from 15.1 ms to 15.6 ms). Section 4 designs a vision-based obstacle avoidance decision-making system, including
ranging algorithms, dynamic path planning, and game engine interaction mechanisms. Section 5 validates the system’s
effectiveness through simulation experiments, demonstrating NPCs’ real-time obstacle avoidance capabilities in complex
scenarios. Finally, Section 6 summarizes the research contributions and outlines future directions, providing technical
support for the intelligent deployment of unmanned delivery services.

2. Related work
2.1 NPC design

Marek and other researchers explored ways to enhance the intelligent performance of Non-Player Characters (NPCs)
[12]. They comprehensively analyzed four mainstream NPC intelligence design strategies, including decision trees [13],
genetic algorithms, reinforcement learning [14], and a hybrid strategy of genetic algorithms and reinforcement learning.
It was found that the hybrid strategy performed the best in terms of comprehensive performance, which was not only
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effective but also had high operational stability. However, the study did not address the field of computer vision and
the experiments focused on the behavioral patterns of NPCs rather than visual recognition capabilities. The researcher
points out that even in an optimal simulation environment, the behavior of NPCs is a compromise between real humans and
virtual characters, and its purpose is to optimize character behavior in games to make it close to reality rather than an exact
replica. This may be one of the reasons why computer vision techniques are not widely used for NPC implementation in
current game development. In terms of specific implementation techniques for NPC, a variety of approaches have been
developed. Research has shown that current popular techniques include path planning, state machines, affective models,
behavioral learning, goal planning, decision trees, perceptual models, and group intelligence [15—19]. Among them, path
planning techniques are particularly prevalent, which centers on finding the optimal path from the starting point to the
end point [20]. In game design, path planning is a fundamental technique for NPC design, and its role is similar to that
of GPS, which provides NPCs with the shortest path to the target location. For example, researchers such as P. Mirowski
used path planning techniques in mazes to help the blob achieve navigation [21].

Although techniques such as path planning have been widely used in NPC design, these methods usually rely on
preset rules or environmental information, and lack the ability to perceive and adapt to the dynamic environment in real
time. In particular, the application of computer vision techniques in NPC design is still in its infancy, which provides an
important innovative space for the research in this paper. By introducing computer vision technology into NPC design,
this study aims to enhance the autonomous obstacle avoidance ability of NPC in dynamic environments and provide a
new solution to the obstacle avoidance problem in unmanned delivery services.

2.2 YOLO model

You Only Look Once (YOLO) is an innovative single-stage target detection algorithm proposed by Joseph Redmon
and other researchers [22, 23]. Unlike traditional two-stage target detection algorithms, YOLO transforms the detection
task into a regression problem and makes predictions directly based on the whole image. Specifically, YOLO partitions
the image into multiple cells, each of which predicts the confidence and category probability of the surrounding bounding
box. During the training process, YOLO improves the detection performance by comparing the differences between the
predicted and real boxes and optimizing the model parameters in combination with the classification and confidence loss.
Thanks to its single-stage design, YOLO not only has excellent real-time processing capability, but also maintains high
detection precision, and thus has been widely used in real-time demanding scenarios such as autonomous driving.

Since the introduction of YOLO, its development team has continuously released new versions, including YOLOV2,
YOLOV3, and YOLOV4, with each generation improving in performance and efficiency [24-26]. On this basis, YOLOVS
further realizes the lightweighting of the model and achieves a good balance between model size and performance by
streamlining or optimizing modules that have less impact on performance. This lightweight design makes YOLOv5 more
convenient to deploy, which has led to a wide range of applications in various fields such as security surveillance, traffic
and urban planning, sports analysis, etc. YOLOVS not only inherits the advantages of its predecessor, but also significantly
improves the detection precision and applicability, which further strengthens the leading position of YOLO series in the
field of target detection [27, 28].

Following YOLOVS, the YOLO series of models underwent rapid iteration, with successive releases of YOLOVO,
v7, v8, v9, v10, and v11. [29-31]. These new versions typically adopt innovative architectural designs, such as the
RepVGG-style reparameterization technique used in YOLOV6 and v7, the anchor-free detection mechanism implemented
in YOLOVS, the bidirectional connection structure proposed in YOLOV9, and the efficient modules developed in
YOLOvl10andvll. Atthe same time, through optimization on large-scale benchmark datasets such as Common Objects in
Context (COCO), the detection precision, inference speed, and generalization performance of the models are continuously
improved [32]. However, the selection of a base model for a specific application scenario depends on the unique
requirements of the target task and the expected model modification plan. The main objective of this study is to develop an
efficient real-time obstacle detection system for specific gaming environments, requiring extremely low inference latency
and ease of deployment. YOLOvVS was selected as the base model based on the following core considerations:

1. Mature modular implementation: Its well-developed, fully documented modular design based on PyTorch
significantly lowers the technical threshold for integrating custom lightweight components.
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2. Speed-precision balance: Provides excellent baseline performance on resource-constrained platforms, highly
compatible with the real-time requirements of game NPC navigation tasks.

3. Stability during development: During the launch and core development stages of this study, YOLOv5 was the
most stable, widely used, and community-supported version of the YOLO series, providing a reliable foundation for our
targeted optimization.

Although the new version of YOLO has made significant progress, this study focuses on verifying the effectiveness
of the proposed lightweight improvement scheme (YOLO-Mobile One Convolutional Attention (MOCA)) under the
stringent requirements of game scenarios, which is implemented based on a proven and adaptable framework.

2.3 Attention mechanism

Attention mechanism is a classic research in the field of artificial intelligence, which aims to help models focus on
important information that was easily ignored in the past [33]. After years of development, attention mechanisms have
been widely used in the field of computer vision, mainly including channel attention mechanisms and spatial attention
mechanisms.

2.3.1 Channel attention mechanism

In the feature map extraction process, not all channels contribute equally to the model. The channel attention
mechanism enhances the feature representation by calculating the importance of each channel and boosting the weights
of key channels.The Squeeze-and-Excitation (SE) module in SeNet is a classical implementation of the channel attention
mechanism, which significantly improves the model performance by dynamically adjusting the channel weights [34].
In addition, Jiahui et al. proposed a dual-channel multiscale method based on the channel attention mechanism, which
effectively aggregates the multiscale high-dimensional global features of each layer of the Convolutional Neural Network
(CNN) by enhancing the Transformer’s ability to extract the deep detail information, and achieved breakthroughs in the
field of pedestrian re-identification [35].

2.3.2 Spatial attention mechanism

The spatial attention mechanism is similar to the channel attention mechanism, but it focuses on the importance of
different regions in the image. By allowing the model to focus on important regions, the spatial attention mechanism can
effectively improve the model’s ability to capture key information. For example, the Spatial Transformer module enables
neural networks to automatically focus on different regions of the input image by learning spatial transformations [36].
Yong et al. used the spatial attention mechanism to refine the spatial information of the feature maps, which significantly
enhanced the performance of the model [37].

3. YOLOVS model optimization

3.1 Dataset and evaluation metrics

This section describes the construction process of the dataset used for the experiment. In the preparation phase of
the experiment, we found that the models trained on existing datasets (e.g., CoCo128) could not accurately recognize the
objects in the game scene. Therefore, we decided to construct a homemade dataset suitable for game scenes.

3.1.1 Data collection and labeling

We first set up the data collection environment by randomly arranging the objects needed for the experiment in the
game scene and paying attention to the sparse and dense matching between the objects (as shown in Figure 1). After the
scene was set up, about 6,000 images were collected by operating the character to move around the scene and capturing
images periodically. Subsequently, we screened these images, removed images that were too similar or too densely placed
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objects, and finally retained 2,000 images for labeling. Due to the low impact of distant objects on obstacle avoidance,
we only labeled near objects.
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Figure 1. Data collection scenarios

3.1.2 Dataset segmentation and training

During the training process, we divided the dataset into training and test sets in the ratio of 4 : 1. After the training was
completed, we performed test experiments on the model. Figure 2 shows the results of the detection using the homemade
dataset. As can be seen from the figure, all objects in the near distance are correctly recognized, while objects in the far
distance are not detected, which is consistent with the labeling of the dataset. Based on these results, we finally decided
to use this dataset as the experimental data.
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Figure 2. Homemade dataset test results

3.1.3 Evaluation metrics

To validate the performance of the improved YOLO model, this experiment will evaluate it based on metrics such as
Precision (P), Recall (R), mean Average Precision (mAP), and computational speed. Precision is defined as the ratio of
True Positives (TP) to the sum of true positives and False Positives (FP), i.e., the ratio of the number of correctly identified
objects in the game scene to the sum of incorrectly identified objects and correctly identified objects; recall is defined
as the ratio of true positives to the sum of true positives and False Negatives (FN); mAP is the average of the average
precision across all categories. True positive rate refers to the proportion of correctly identified objects, false positive rate
refers to the proportion of incorrectly identified objects, and false negative rate refers to the proportion of objects that the
model failed to detect.

Precision is defined as follows:
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TP

Precision = ————. (D
TP+ FP
The recall rate is defined as follows:
TP
Recall = —. )
TP+FN

The average precision is defined as follows:

1
AP— /0 P(R). 3)

The average precision mean is defined as follows:
I e
mAP = - j:]APj' 4

In the field of object detection, confidence is a core concept in the YOLO series of models, directly reflecting the
reliability of the model’s detection results. However, traditional confidence assessment does not take into account the
impact of target distance on detection quality. Objects at long distances, due to lower resolution and blurred features,
typically result in lower confidence scores. If the average confidence score is directly used as an overall performance
metric, the low confidence detection results of distant objects will significantly reduce the overall performance. To address
this issue, this paper proposes a Distance-Weighted Confidence (DWC) metric to scientifically quantify the detection
stability of the model at different distances:

N
Yo wicci 1
D (5)
i=1 Wi i

where c¢; is the confidence level of the i-th detection box, and d; is the distance between the detection box and the
camera. By assigning lower weights to distant objects (w; is inversely proportional to diz), DWC effectively balances
the contributions of high-precision detection at close range and low-precision detection at long range, thereby avoiding
the excessive impact of failed long-range detection on the overall evaluation.

3.2 Latency optimization

According to the experimental requirements, the real-time preformance of the model is one of the core objectives of
this research. To improve the inference speed, model lightweighting is an effective solution. Lightweighting achieves the
effect of fewer parameters, lower memory, and faster speed by reducing the number and size of model parameters.

3.2.1 Optimization solutions

Traditional methods usually improve the performance by increasing the model complexity, but this increases the
inference time. In order to reduce the computation time, we choose to optimize the model structure. The residual branching
structure in YOLO needs to wait for all branches to complete the computation before moving to the next module, which
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leads to longer computation time. Therefore, reducing the number of branches and reconstructing the parameters is the
key to improve the inference speed.

To this end, we introduce a lightweight module Mobile One in the backbone network [22]. The structure of the
Mobile One module is borrowed from MobileNet-V 1, which mainly consists of a 3 x 3 depthwise convolutionanda 1 x 1
pointwise convolution (as Figure 3 shows). Its training process is divided into two parts:

1. Channel-by-channel convolution: each convolution kernel is responsible for one channel, the number of channels
of the feature map is the same as the input, and each channel is convolved independently during the computation.

2. Point-by-point convolution: the results of the channel-by-channel convolution are blended using a 1 x 1 x M
convolution kernel to generate a new feature map.

Mobile One uses a structural reparameterization technique to reduce parameter size and runtime by adding parallel
branches for 3 x 3 channel-by-channel convolution and 1 x 1 point-by-point convolution during training, and then
compressing multiple branches into a single branch. This process is shown in Figure 3.

> 3 x 3 deep E—) 1x 1 dot ,
. convolution| convolution
training Ll
structural structural
reparameterization reparameterization
3 x 3 deep —) 1 x1 dot —)
== | convolution convolution|
reasoning

Figure 3. Schematic diagram of Mobile One module
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Figure 4. Graph of the first experiment

3.2.2 Optimization experiments

We introduce the Mobile One module in the benchmark model and conduct comparison experiments with the base
YOLOvVS model. The experimental results in terms of precision (precision) are shown in Figure 4. From the figure, it
can be seen that the model (hereinafter referred to as YOLO-Mobile One (MO)) after the introduction of the Mobile One
module has a significant decrease in precision, and other performance metrics (e.g., recall, mAP, etc.) are also reduced
accordingly.
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Figure 5 illustrates the test results. Compared with the base model (Figure 5a), the target detection performance of the
lightweight model (Figure 5b) has changed: firstly, the confidence level of some targets fluctuates; secondly, individual
targets (especially objects at longer distances) fail to be recognized. Although these changes have limited impact on the
simulation experiments, how to reduce the magnitude of the performance degradation is still an issue that needs to be
further explored.

1 0 " d
barrel 0.88 “ s

barrel 0.67

Original model New model

Figure 5. Test results of delay optimization experiments

In terms of computing speed, as shown in Table 1, the inference time of the lightweight model increased from
15.1 milliseconds to 15.6 milliseconds. Although the absolute difference is small, it is significant in the strict real-time
requirements of unmanned delivery services:

1. Frame rate threshold impact: 15.1 ms corresponds to approximately 66.2 fps, while 15.6 ms corresponds to 64.1 fps.
If the target system requires real-time performance of > 60 fps, 15.6 ms still meets the threshold, while the improvement
of 15.1 ms, though not crossing the threshold, can reduce latency fluctuations on resource-constrained devices.

2. Cost-effectiveness optimization: Speed improvement is accompanied by a decrease in precision (as shown in Table
1), indicating that the current lightweight strategy has limitations in terms of performance-speed trade-offs. Future research
should focus on dynamic structural optimization and feature enhancement modules to minimize precision degradation
while maintaining inference speed, such as through distance-adaptive branch adjustment or attention mechanisms to
enhance distant feature extraction capabilities.

Table 1. Comparison of computational speed in the first experiment

Model version Object detail Inference time ~ Non-Maximum Suppression (NMS) time
Oder model 2 buckets, 1 chair 15.6 ms 5.0 ms
New model 2 buckets, 1 chair 15.1 ms 5.1 ms

3.3 Optimization performance optimization

In the previous experiments, although the computational speed was improved, however, the performance of the model
showed a more significant fluctuation, and minimizing the magnitude of this fluctuation is the issue that will be explored
in this subsection.

3.3.1 Optimization solutions

The problem revealed in the previous experiments was that the model was unable to properly recognize certain objects
in the image. The crux of this result lies not only in the insufficient processing power of the model for the image itself,
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which makes it impossible to notice other parts of the image that need to be paid attention to during the computation; it
also lies in the fact that the feature extraction process does not elevate the status of those important channels, which leads
to the underutilization of those channels that have a greater impact on the result, so that the extraction of the features is
insufficient, and as a result, the recognition of the corresponding objects is not achieved. The result is that the recognition
of the corresponding object is not realized. Due to the complexity and integration of the causes of the problem, it was
decided to embed the hybrid attention mechanism in the improved YOLO-MO model to achieve further optimization of
the model performance.

Among the studies on hybrid attention mechanisms, CBAM [23] is one of the more classical ones, and the main use of
this module is to enhance the performance of convolutional neural networks. The original intention of its proposal is to try
to deal with the limitations of traditional convolutional neural networks for different scales, shapes, and other information.
CBAM mainly consists of two parts, namely, the channel attention module (C-channel) and the spatial attention module
(S-channel), and the enhancement of the feature representations is realized by reasonably embedding the two modules
into the CNN model, as Figure 6 shown. By dividing the modules into two structures, there are naturally two big steps in
the computation process.

Channeling attention Spatial attention
mechanisms mechanisms
Input Output

Figure 6. Test results of delay optimization experiments

The first step of the input image will go through the channel attention module, for each image, the first step is to
perform global maximum pooling and global average pooling operations for each channel, calculate the maximum feature
value and average feature value of each channel, and finally get two vectors; then the module inputs the two features into a
shared fully-connected layer, which is mainly used to learn the attention weights of each channel, thus allowing the module
to confirm which channel is more important, and also intersect the maximum feature vector and the average feature vector
to get the final attention weight vector; in order to ensure that the weights are between 0 and 1, an activation function
is needed to generate new weight vectors; use the new vectors to multiply them with each channel of the feature map to
get the attention-weighted channel feature maps; and finally, the unimportant channels are suppressed, and the important
channels are emphasized. Then it will enter the spatial attention module, in which the process is similar to the channel
attention module, but with different dimensions.

When the input data passes through the above two modules, then the resultant features of the two modules are
multiplied element by element to get the final attention feature. This enhanced attention feature will be used as an input
to the subsequent network structure, which can be done to retain the key information while suppressing the unimportant
information and noise to achieve higher model performance.

3.3.2 Optimization experiments

Based on the previous section, this optimization focuses on the optimization of the performance of the YOLO-MO
model, with the goal of allowing the model to recognize objects that would otherwise be unrecognizable, while improving
the confidence level of the individual objects to some extent. The ideal result is a decrease in speed but not to the original
YOLO model, and an improvement in performance over YOLO-MO.
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In the previous experiments, Mobile One was mainly added to the backbone part of the network, so the introduction
of CBAM was mainly focused on the head part of the model, and in the subsequent adjustments, it was also introduced
in the backbone as much as possible. Specific experimental results will be given in the next section, the precision of the
model is not up to the level of the original model, but compared with the YOLO-MO model, it achieves better results, and
the computational speed of the new model is shown in Table 2.

Table 2. Comparison of computational speed in the second experiment

Model version Object detail Inference time NMS time
Oder model 2 buckets, 1 chair 15.6 ms 5.0 ms
New model 2 buckets, 1 chair 15.4 ms 5.1 ms

It can be seen that although the new model (hereafter referred to as YOLO-MOCA) is slower than the YOLO-MO
model in terms of computational speed, it is still slightly faster than the YOLO model. Figure 7 shows the results of the
new model in the test, compared with YOLO-MO, YOLO-MOCA has indeed achieved the optimization of the effect, the
part that can be recognized in the original model but YOLO-MO fails to recognize, can be successfully recognized in the
new model, and the confidence level of individual objects of the new model has been improved to a certain extent.

i

chair 0.93

Figure 7. Test results of delay optimization experiments

3.4 Analysis of experimental results

In this experiment, the game scene dataset is divided according to the ratio of 4 : 1, in which the training set is
1,600 images and the test set is 400 images. In this experiment, an improved version of YOLOvV5 was used. The detailed
configuration of this model is shown in Table 3.

To uantitatively analyze the performance of the model and compare the detection effects of multiple scenarios in the
experiments, precision, recall, mAPO.5, obj loss, box_loss, cls_loss and other metrics are used as references to evaluate
the model. In order to make the results clearer, a comparative experiment is used to compare with the original YOLOvS
model as well as YOLOv3 and YOLOvV4 respectively, and in the data analysis will focus on analyzing the data of the v5
model as well as the improved model.

Figure 8 shows the precision change curves of each model after 100 epochs of iteration in the homemade dataset.
The green curve is for the basic YOLOvVS model, which shows an up and down fluctuation around 0.88 after 20 epochs,
and the maximum value reaches 0.92 after stable fluctuation; the blue line is for the first step of the improved model
YOLO-MO, which has a more obvious decline compared with the past, and still has a big fluctuation around 40 epochs,
and its maximum value is about 0.88 after relative stability; the red curve is for the final YOLO-MOCA model. The blue
line is the curve of YOLO-MO, which has a more obvious decline compared with the past, and still has a big fluctuation
after 40 epochs, and its maximum value is about 0.88 after relative stabilization; the red curve is the final YOLO-MOCA
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model, which has a more stable overall trend, and its maximum value is about 0.90 at the end, which has a slight increase
compared with YOLO-MO.

Table 3. Improving YOLOV5 model parameter configuration

Parameter category Parameter name Setpoint NPC scene optimization instructions
Tmage size 640 x 640 Balancing detection precision and real-time
Input settings %erformance q NPC fixed .
. o oom range adapts to ixed camera angle
Multi-scale zoom range £30% (avoids distortion of distant targets)
Batch Size 8 Computer memory limitations
Add gradient clipping (max_grad_norm = 1.0) to
.. Optimizer AdamW prevent gradient explosion caused by violent shaking
Training strategy in dynamic environments
Initial learning rate 1x1072 Grid search validation (range 1 x 1073 to 1 x 1072)
Weight Decay 5% 107 Reducing overfitting in lightweight models
Increase epochs to address complex obstacle
Epochs 100 diversity
Mosaic enhancement 0.8 Reduce the probability of distortion caused by

. close-range obstacle splicing
Data augmentation Motion blur enhancement 0.2 Image blurring when simulating NPC movement
Restricting the rotation range maintains the physical

1 o
Random rotation angle £15 plausibility of ground obstacles
Detector resolution [80, 40, 20] Enhanced small object detection
Model architecture NMS threshold 045 Stricter filtering reduces false positive rates for dense
obstacles
Detecttlhorrésc}?(ﬁgdence 0.4 Balancing false negatives and false positives
Hardware confieuration GPU model NVIDIA RTX 3060 -
& CUDA version 11.3 Compatible with PyTorch 1.10
Metrics/precision
0.8
g
‘% 0.6
E
=
£ 041
3
YOLOv3
0.2 YOLOv4
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Figure 8. Precision change curve

Figure 9 shows the recall change curves of each model after iterating 100 epochs in the homemade dataset. The green
curve is for the basic YOLOvS model, which overall fluctuates up and down around around about 0.86, with a maximum
value of about 0.88, just like the precision curve; the blue curve is for the YOLO-MO model, which can be seen in the
figure that there are large fluctuations for the first 40 epochs, after which it gradually tends to a relatively stable state.
The blue curve is the YOLO-MO model, from the graph, we can see that the first 40 epochs have large fluctuations, and
after that, it tends to be relatively stable, with a maximum value of about 0.87; the red curve is the last YOLO-MOCA
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model, the overall trend is more obvious compared with other models, and the overall trend is more obvious than the other
models, and the model is gradually stabilized after 60 epochs, and ultimately exceeds the original YOLOvS5 model, with
a recall rate of about 0.9, and the integrated precision curve shows that this phenomenon is caused by the introduction
of the attention mechanism. The introduction of the attention mechanism leads to this phenomenon, i.e., the recall rate
increases while the precision rate decreases.

Metrics/recal 1
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= YOLOV3
02 | YOLOv4
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—YOLOV5-MO
—YOLOV5-MOCA
0.0 L . , . , .
0 20 40 60 80 100
Epoch

Figure 9. Recall change curve

Figure 10 shows the mAP 0.5 change curves of each model after iterating 100 epochs in the homemade dataset, the
green curve is the initial YOLOvS model, and from the figure, we can see that its convergence speed is a little bit faster
than in the past, and the final maximum value reaches about 0.93; the blue curve is from the YOLO-MO model, and we
can see that it fluctuates a lot in the first 40 iterations of the training, and the blue curve is from the YOLO-MO model,
and we can see that in the first 40 iterations of training, its fluctuation is larger and its mAP is lower, and after that, it is
at a higher level, and the maximum value is about 0.91; finally, the red curve is the mAP change curve of YOLO-MOCA,
which is more stable than YOLO-MO, mainly because the fluctuation becomes smaller and converges earlier, and the
final maximum value is on the same level as that of YOLO-MO, and it reaches about 0.91.
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Figure 10. mAP_0.5 change curve
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Figure 11. Loss function variation curve

Figure 11 shows the loss function plots after training 100 epochs in the homemade dataset, where the left column (a),
(c), (e) plots are the loss function plots during the training process, and the right column (b), (d), and (f) plots the change

of the loss function during the testing process.

The two plots in Figure 11a and Figure 11b are the loss function plots of the bounding box (box), the green curve
YOLOVS model box loss has the best performance, the starting values of the training and testing are about 0.112 and
0.081 respectively, and eventually decreases to the neighborhood of 0.015 and 0.012, respectively; the blue color is the
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obj_loss curve of the YOLO-MO model, with a combined performance is poor, with the loss decreasing from 0.102 to
near 0.022 during training, and from 0.094 to near 0.017 during testing; the red curve is the final improved model, with
the loss decreasing from 0.102 to near 0.024 during training, and from 0.084 to near 0.018 during testing, and it can be
seen that under the obj_loss metrics, the new model is not as good as the original YOLOvS model, but performs better
than YOLO-MO.

The two figures in Figure 11c and Figure 11d show the curves of the object (obj) loss function change, the green
curve is the YOLOvVS model, whose obj_loss decreases from 0.078 to near 0.036 during training and from 0.062 to near
0.028 during testing; the blue curve is the YOLO-MO curve, which decreases from 0.139 and 0.157 to near 0.028 during
training and testing, respectively. 0.157 to near 0.053 and 0.032 in training and testing respectively, which can be seen that
the preformance is not as good as that of the initial model; the red curve is for the YOLO-MOCA model, which decreases
from 0.078 to near 0.047 in the training set and from 0.051 to near 0.025 in testing, which occurs probably due to the
introduction of the attentional mechanism that makes the model recognize the objects more easily.

Figure 11e and Figure 11f show the classification (cls) loss function curves of the model, and the individual curves
have similar trends in the graphs, the green curve is for the YOLOvVS model, whose cls_loss decreases from 0.063 and
0.048 to the neighborhoods of 0.002 and 0.003 in the training and testing, respectively; the blue curve is for the YOLO-
MO model’s cls_loss curve, where the loss decreases from 0.083 to near 0.003 at the very beginning in the training set,
and from 0.075 to near 0.004 in the test; while the red curve YOLO-MOCA is similar to YOLO-MO, where the loss
decreases from 0.057 to near 0.003 in the training set, and from 0.051 to near 0.004 in the test, which is a slightly worse
performance compared to the initial model.

In terms of the performance of speed optimization, the results of a single experiment are given in the previous
experiments, and Table 4 shown next records the output times of the three YOLOvVS5 models for 10 consecutive detections
of the same image. In the table delay optimization refers to the YOLO-MO model and performance optimization refers
to the YOLO-MOCA model. There are three values in the output of each model, pre-process, interference, and NMS, all
of which are speed-related metrics, all of which have an impact on the total time and the values fluctuate, so the values
in the table are the results of adding up the three. The average value of the original model comes to 23.6 ms, while the
average value of the YOLO-MO model is 21.2 ms, which is better than the original model overall. The CBAM model
is slower than the YOLO-MO model, with an average of 21.7 ms, but it is mostly better than the initial model, although
occasionally it takes longer than the original model, mainly because the addition of modules to the model will naturally
increase the time, and the original reduction of the time will not be too much, so it is easy to fluctuate and occasionally
longer than the original model.

Table 4. Comparison of model speeds (ms)

Model 1 2 3 4 5 6 7 8 9 10 Mean  Std

YOLOVS 23 214 225 21 21 22 22 21 23.1 23,6 221 1.0
Latency optimization 225 21 212 208 206 223 208 208 21.1 212 212 06
Performance optimization ~ 23.1 21.2 209 215 203 227 233 20 214 217 216 1.1

To comprehensively evaluate the effectiveness of YOLO-MOCA, this study selected six cutting-edge models
optimized for robot tasks as benchmarks:

DenseNet-121 [38]: This model uses a dense connection structure to enhance the transmission of multi-scale obstacle
features, making it suitable for real-time obstacle avoidance decisions in complex environments.

EfficientNetBO0 [39]: This model optimizes computational efficiency through composite scaling, providing balanced
perception capabilities for resource-constrained mobile robots.

GoogLeNet [40]: This model uses a multi-parallel convolution structure with Inception modules to simultaneously
detect obstacles of different sizes, improving dynamic obstacle avoidance adaptability.
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MNasNet-05 [41]: This model achieves a lightweight design through search optimization using a neural network
architecture to meet the low-latency obstacle avoidance requirements of robots.

MobileNetV2 [42]: This model uses an inverted residual block structure, which significantly reduces computational
energy consumption while maintaining precision.

Extended MobileNetV2 [43]: This model enhances the identification of key obstacles through an improved attention
mechanism, enabling efficient path planning.

Table 5. Comparison of model performance

Model Precision Recall mAP@0.5 Time/ms
DenseNet-121 0.88 0.88 0.85 48.2
EfficientNetB0 0.86 0.86 0.83 325

GoogLeNet 0.86 0.87 0.84 36.8
MNasNet-05 0.61 0.56 0.58 18.6
MobileNetV2 0.89 0.88 0.86 22.4

Extended MobileNetV2 0.92 0.89 0.89 24.1
YOLOVS 0.92 0.88 0.93 23.6
Latency optimization 0.88 0.87 0.91 21.2
Performance optimization 0.90 0.90 0.91 21.7

The experimental results demonstrate that the proposed YOLO-MOCA model achieves a significant breakthrough in
the trade-off between precision and speed. As shown in Table 5, in terms of precision, YOLO-MOCA attains an mAP@0.5
of 0.91, surpassing most baseline models and trailing only the original YOLOvVS5 (0.93). Compared to MobileNetV2
(0.86) and Extended MobileNetV2 (0.89), it exhibits precision improvements of 5.8% and 2.2%, respectively. Regarding
real-time performance, its inference speed reaches 21.7 ms, marking an 8.1% enhancement over the original YOLOVS5
(23.6 ms), while significantly outperforming models such as DenseNet-121 (48.2 ms) and EfficientNetBO (32.5 ms).
Notably, while maintaining high precision, YOLO-MOCA’s speed approaches that of the lightweight-designed MNasNet
(18.6 ms), yet delivers a 56.9% improvement in mAP@0.5. These findings validate the effectiveness of synergistic
optimization between the Mobile One and CBAM modules, providing a highly suitable solution for application scenarios
with stringent real-time requirements.

4. Obstacle avoidance decision-making program
4.1 Distance measurement algorithm design

After the NPC detects an obstacle, it also needs to know the distance between itself and the obstacle in order to make
a decision, this subsection mainly discusses the idea and implementation of the distance measurement algorithm, while
the idea can refer to the related algorithms of automatic driving [24].

4.1.1 Basic idea

The core idea of this algorithm is based on the perspective projection geometry principle in computer vision, which
is essentially an adaptive improvement of the similar triangle theory in specific scenarios. Specifically, in the traditional
similar triangle model shown in formula (1), the actual height x of the object satisfies the proportional relationship with
the image height b, focal length c, and object distance a:

=, (6)

o1

S| o=
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where x is positively correlated with a. Specifically, the algorithm first obtains the pixel coordinates of the obstacle
bounding box through object detection, and then calculates its pixel area s. To establish a distance measurement model,
we predefine a baseline scenario: when the physical distance between the obstacle and the NPC is a known value /, the
corresponding bounding box pixel area is s;. During real-time operation, the system obtains the pixel area s, of the
obstacle’s bounding box in the current image through object detection. However, in the perspective projection model of
computer vision, the actual distance d of an object is inversely proportional to its pixel area s on the imaging plane-the
farther the distance, the smaller the pixel area. Therefore, we derive the distance measurement formula by calibrating the
baseline (known distance / corresponds to area s;) and real-time detection (distance x corresponds to area s5):

26

This formula establishes a quantitative relationship between pixel area change and actual distance, satisfying the
universal applicability of perspective projection geometry: when the distance of an object from the lens changes from /
to x, its image area changes in inverse proportion to the square of the distance.

4.1.2 Agorithm validation

Next to verify the feasibility of this method, a wooden box is placed in the scene in Figure 12, the distance between
the wooden box and the NPC is unknown in Figure 12b, and the distance in Figure 12a is known to be 500 according to
the default units of the Unreal Engine, respectively, after the target detection, obtain the coordinates of the points of the
two wooden box frames and calculate the area of the two frames according to the coordinates, and get the area of the box
in close proximity to be 23,855 and the area of the box of distant objects be 5,744, according to the above proportionality
relationship, the estimated distance is 1,018.58, while the actual dWistance in the game is 1,000. 23,855, the area size of
the distant object box is 5,744, according to the above proportionality, the estimated distance is 1,018.58, and the actual
distance in the game is 1,000, it can be seen that although the results of the calculations and the actual distance is different,
but due to the experimental environment is not too strict, and after a number of times of the above calculations, the average
error is at about 2%, so we believe that this proportionality can be used to estimate the distance.

Nearby Far away

Figure 12. Formula validation

4.1.3 Special case solutions

In the scene, there are some objects whose angles in the image do not have much effect on the area they occupy in the
image, such as columns, barrels and characters, and a screenshot of the characters from multiple angles can show that the
difference in their area is not large. While there are some objects such as the table, from different angles to see the past its
frame area gap is large, such as the example in Figure 13, the distance between the object and the NPC in the two images
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is the same, but the angle of placement is different, after the calculation to get the Figure 13a area of 41,866, the Figure
13b area of 60,242, it can be found that the area gap is very obvious, so that if it does not carry out a special treatment
will affect the final The difference in area is very obvious, which will affect the final result of distance estimation if it is
not treated specially.

Original angle New angle Verification

Figure 13. Special case

In order to solve this problem, we can consider setting multiple benchmark images for this kind of object under the
circumstance of allowing errors, take Figure 13 as an example, we can regard Figure 13a as the original benchmark image,
and Figure 13b is the benchmark image after the object is rotated by 45 degrees, and then according to the length-to-width
ratio of the frames in the benchmark image, we can divide the ratio into an approximate range, and use different benchmark
images for the distance estimation within the different ranges. distance estimation using different datum images in different
ranges can solve this problem to some extent. For example, in the case of Figure 13c, the object is presented in the image
at an angle that is not its front face, but a certain angle on the side. The distance of the object in the new base image is
known, and the distance of the object in the left image is 675.8, while the actual distance is 700, with an error of 3.46%,
which is larger than the usual error, but since the requirements of the experiment are not too strict, the error is still in an
acceptable range.

4.2 Distance measurement algorithm design

After the NPC detects the obstacle target through the vision model and calculates the distance through the ranging
algorithm, the next step is to avoid the obstacle. This section describes the design of the avoidance decision mechanism,
describes its process, and examines the results.

4.2.1 Decision-making process

Two special cases that were not discussed in the above discussion are the partial objects that appear at the left and
right edges of the image, as shown by the objects labeled yellow in Figure 14a. This case does not actually have much
effect on the movement of the NPC. Because the size of the NPC’s model also needs to be taken into account when the
NPC moves forward, and in this experiment the NPC’s model is small, and if it continues to move forward, the edge
objects actually have no effect on the NPC’s advancement, so a range can be set in the decision-making, roughly as shown
in Figure 14b, and the objects within the range of the two blue lines will be prioritized. Thus, objects on the left and right
sides can be automatically ignored at first in the decision-making process, and only objects directly in front of the NPC are
prioritized, and then whether to include them in the calculation range can be considered according to various situations.
And according to the estimation, in order to take care of different resolutions, a range of 7/24 can be taken in the left and
right of the screen for exclusion.
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Figure 14. Edge object handling

Another situation is the part of the object appearing below the image directly in front of the NPC, for example, such
as the one shown in Figure 15, in this case, it can generally be directly determined that this object is the closest to the
NPC, and the decision can be made directly disregarding the distance information, and the judgment is made by relying
on the corners of the box and the center of the box directly below it, with the points on the lower side of the longitudinal
coordinates approaching 0, and with a gap in the aspect ratio of the box and all the baseline images. In the calculation, the
model will estimate the distance of each object according to the recognition box while recognizing the object, and screen
out the objects on both sides according to the coordinate information to ensure the completeness of the image information
of the nearest object. The first step is to determine whether there is an object in the middle, without which you can go
straight ahead. Then see if there is an object directly below the image, if there is, then you can directly let the NPC
perform a random left-right rotation of 90°. If there is no object, then we compare the distance of each object, and in our
experiments we found that in general the two closest objects have the greatest influence on the results.

Figure 15. Object directly underneath

In the next calculation, objects on both sides of the image that were screened out at the beginning may be used.
The distance of the nearest object in front is calculated, if the distance is greater than the threshold, the object will not
affect the NPC for the time being and maintain the straight ahead movement. Here the threshold is also the distance, after
comprehensive consideration, the threshold is tentatively set to 600, on the contrary, the object may hinder the NPC to
move forward, in accordance with the orientation of the object to initially confirm the direction of movement, in this case
the object is on the right side of the NPC as an example, at this time initially determined that the NPC needs to be deflected
to the left. Among all the objects located to the left of the nearest object, identify the second closest object to the NPC, if
the distance of this object is greater than the threshold, it is determined that it will not affect the movement for the time
being, and then the NPC will turn left by 45°; on the contrary, if the second closest object is also within the threshold, the
distance between the two objects will be calculated.

X = arctan (gf;) . ®)
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Figure 16. Object directly underneath

As shown in Figure 16, the coordinates of the four corners of the box can be obtained directly in YOLO, so it is only
necessary to calculate the difference between the horizontal coordinates of the lower-right corner of the left object and the
lower-left corner of the right object to obtain the spacing of the two objects, if the spacing is greater than the width of the
NPC, then calculate the angle angle between the midpoint of the two to the NPC’s line and the center line of the picture,
so that it is used as a shift angle to help the NPC for offsetting. There are two objects in the image were marked by the
red and blue boxes, can be calculated with the help of A, B two-point coordinates of the interval between the two boxes
of the midpoint C, point C and the image of the center line constitutes a triangle CDE, through the D, C two points can
be obtained from the length of CE and DE, through the inverse trigonometric function can be found out the angle of X,
Equation (8) for this process of calculation of the formula; Conversely, if the distance is not enough, then the choice of
letting the NPC randomly to the left and right shift 90°.

4.2.2 Decision-making mechanism validation experiment

After the decision-making mechanism has been determined, it needs to be validated to ensure that the present
mechanism can be computed to obtain the correct result, i.e., it allows the NPC to achieve obstacle avoidance. In the
formal experiments, during the NPC’s travel, the eye camera will periodically capture images, which will then be sent to
the model for recognition, after which distance measurement as well as decision making will be performed.

In this validation experiment, the above process will be simulated, first of all, the NPC will be placed in the scene, the
camera captures the image and its results after target detection as shown in Figure 17a, referring to the decision-making
process described above, because the wooden box is underneath, so it should be given the instruction to randomly rotate
to the left or right by 90°, and after the algorithm calculates that its final output is -90, i.e., 90° to the left; Control the
NPC to turn and move forward a little, and again intercept the image, the image at this time for Figure 17b, according to
the logic algorithm should also be given to randomly rotate to the left and right 90° instructions, the result of the output
of the same -90; Figure 17c¢ is in accordance with the same process of the intercepted image, according to the logic output
should be -10 or so, from the treasure chests and crates between the walk through the output of the results of the -9.7, a
little deviation, but in the simulation, the final output is -90, i.e., turn left 90°. Some deviation, but the simulation can
indeed be successfully passed; finally came to the scene in Figure 17d, according to the logic of the obvious should be
passed from the columns and chairs, the algorithm output is -22.3, can be passed normally. To summarize, the output can
ensure that the NPC can take the correct moving route most of the time.

In addition to this, it is necessary to verify that normal decision making is still possible with the interference of the
player character. Move the player to a situation similar to Figure 18, where the player is located in front of the NPC.
According to the decision-making process, since the player’s position is to the right, it will be involved in the calculation
together with the objects on the left, and the distance between the player and the crate on the left is not enough, so it should
be randomly rotated to the left and right by 90°, and the output result will be + 90, that is, rotated to the right by 90°. To
summarize, the output can ensure that the NPC can take the correct moving route most of the time.
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Figure 18. Object directly underneath

4.3 Interaction mechanism design

In the previous section, the target detection and decision-making scheme have been determined, and the next step is
to determine how to let NPCs get the results of decision-making. According to the analysis, it is only necessary to build a
bridge between Python and Unreal Engine, and the characteristics of this bridge is that both language environments can be
easily accessed and called, based on this feature can be initially determined to let the local file system become the bridge.

We just need to let the output of the model be saved in a local text file, so that the Unreal Engine side can read
the result and make corresponding actions. The specific process is to calculate the results on one side of the model, that
is, the information of the offset angle and direction, record it in the local text file, and then the Unreal Engine reads the
file information according to the cycle and reacts according to the information, which is shown in the operation logic
schematic in Figure 19.
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Figure 19. Interaction diagram

4.4 NPC obstacle avoidance experiment

After designing the interaction mechanism, all the basic components of the whole demonstration system game objects,
characters, target detection models, decision mechanisms, etc. are in place, and in this section the system experiments
will be formally carried out after making preparations and the results of the experiments will be elaborated.

4.4.1 Experimental process observation

This subsection will observe and record the movement of NPCs in the scene. Firstly, after running the game the
NPCs will move in the scene, while at the same time the loop calculation is turned on at the visual model. The observer
can then manipulate the player character to impede the NPC’s progress.

10 m

Figure 20. Interaction diagram

The results were recorded in the form of observing the movement route while drawing the NPC’s advancement route
in the top view of the scene. The line formed by the red arrows in Figure 20 is the NPC’s action route in one of the
experiments, in which the circled portion is the player’s position, and the sequence of the player’s movement between
different positions is pointed out by the red arrows. After a few more experiments, the NPCs were able to move smoothly
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in most cases. However, in some cases, either due to the construction problem of the scene or the matching problem
between the calculation cycle and the NPC’s moving speed, the NPC could not move forward normally due to the wrong
route. Therefore, the decision-making algorithm was added to deal with the relevant situations, and after the NPC was
stuck for a certain period of time, it turned around, and finally made the NPC keep moving in the scene.

4.4.2 Conclusion of the experiment

When the experiment starts, the NPC moves automatically in the scene, and the camera located at the eye of the NPC
periodically collects images and delivers them to the computer vision model for target recognition. In this experiment,
the computer vision model can recognize all the objects in the image that have a large impact on the NPC’s advancement
normally, and can make decisions based on the recognition results, thus giving the direction that the NPC will go to next.
The results of the model processing can be normally received by the game, and the NPC in the game can turn according
to the received information, and can move more smoothly in the scene, while avoiding the obstacles in front of them, the
initial concept is basically completed.

5. Conclusion

In this study, we conducted a series of design and implementation work around the use of a game NPC obstacle
avoidance simulation technique to simulate the obstacle avoidance behavior of a general-purpose unmanned delivery
service robot. First, we optimized the adopted computer vision model in terms of both latency and performance to ensure
that it better adapts to the experimental requirements. Then, we designed the NPC’s decision logic in detail, including
obtaining the decision basis through distance measurement, utilizing the decision algorithm to derive the action result, and
realizing the result transmission through the interaction mechanism, which finally enables the NPC to move and avoid
obstacles smoothly in the game scene. Looking ahead, we will further focus on the reliability and ubiquity of the solution.
Specifically, we will endeavor to improve the stability and applicability of the scheme in practical applications. At the
same time, we will also carry out in-depth optimization of the fineness of the decision-making results to improve the
NPC'’s responsiveness and intelligence level in complex environments, so as to provide more mature technical support for
the actual deployment of unmanned delivery service robots.
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