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Abstract: This study compares the performance of three deep neural network architectures with the goal of 

searching for robotic navigation by semantic means of recognizing the environment in which it is located. The first is 

a pre-designed vision transformer network, the second is also a pre-designed convolutional neural network, and the 

third is a custom-designed convolutional network. These architectures are oriented to machine vision for mobile 

robots, enabling the recognition of global environments. The novelty exposed in this development consists in being 

able to identify a place based on its environment, as a human being does, so that a robot can address a place described 

by name and not by spatial coordinates, as usual. Comparison metrics include the level of recognition accuracy of the 

network, its size in kilobytes, and identification time. In addition to being able to operate in real time, each network 

is intended to be at least 90% accurate as an initial design parameter. The proprietary CCN network proved to be the 

most suitable for use in a mobile robot because it has a size of 22.5 KB, a response time of 0.07 seconds and an 

accuracy of 95.8%. 
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面向机器视觉的移动机器人的变压器与卷积网络的比较性能分析 

摘要：本研究比较了三种深度神经网络架构的性能，目的是通过语义识别机器人所处环

境的方式寻找机器人导航。第一种是预先设计的视觉变换网络，第二种也是预先设计的卷积

神经网络，第三种是定制设计的卷积网络。这些架构面向移动机器人的机器视觉，能够识别

全球环境。这一发展中展现的新颖之处在于能够像人类一样根据环境识别一个地方，这样机

器人就可以像往常一样通过名称而不是空间坐标来定位一个地方。比较指标包括网络的识别

准确度、网络大小（以千字节为单位）和识别时间。除了能够实时运行外，每个网络的初始

设计参数都旨在至少达到 90% 的准确率。专有 CCN 网络被证明最适合用于移动机器人，因

为它的大小为 22.5 KB，响应时间为 0.07 秒，准确率为 95.8%。 

关键词：卷积网络；变压器网络；深度学习；预训练网络架构；移动机器人；迁移学习 

1. Introduction
Since the rise of convolutional networks (CNN) and

the success of architectures such as AlexNet [1], their 

use has become widespread in image processing [2] and 

machine vision systems [3]. However, since the 

publication of transform networks [4], their architecture 

has ventured into different fields of application [5], 

where in this case its use in computer vision systems 

stands out [6]. 

The applications of transform networks with images 

range from the biomedical field [7], medicine [8]-[10], 

and image segmentation [11], among many others. With 

applications such as the detection of visual relationships 

between instances, as well as the trajectories of subjects 

and objects [12], traffic sign recognition [13], gait 

recognition [14], eye disease detection [15], glacier 

identification [16], fingerprint authentication systems 

[17], and others based on object detection [18]. 

Therefore, the use of transformer networks in vision 

systems has been optimized [19] considering the 

requirements and use of specialized hardware [20]. 

Moreover, they improved their performance with 

combinations with convolutional networks [21]-[22] 

and variant architectures based on CNN such as Yolo 

[23], ResNet [24]-[25] and VGG [26]. 

However, given its recent boom, there has been no 

research and development of transformer networks 

based on robotic systems, where convolutional networks 

have shown great success [27]-[28]. Therefore, this 

study evaluates machine vision models based on 

transformer networks and convolutional networks in the 

recognition of global environments instead of specific 

objects. For this case, a residential environment is taken 

as a reference, in which the networks must identify four 

environments corresponding to the living room, the 

dining room, the bedroom and the bathroom. 

The evaluation metrics are based on the level of 

accuracy of the network recognition, the size in bytes of 

the network and the identification time, thinking in 

mobile robotics applications for residential assistants, 

which navigate in space based not on coordinates but on 

the recognition of the site. 

The article is structured in four sections. The first 

section corresponds to the state of the art and 

contextualization of the work developed. The second 

section corresponds to the methodology used. The third 

section presents the results obtained and the fourth 

section presents the conclusions. 

2. Methodology
To evaluate and compare the performance of three

network architectures based on deep learning between 

transformer networks and convolutional networks, two 

pre-trained network architectures reported in the state of 

the art for pattern recognition in images, such as vision 

transformer (ViT) [29] and AlexNet [1], are established 

and used. In turn, a CNN network architecture is 

designed to generate a comparative under a customized 

network with the objective of training based on the 

database, i.e., to recognize not point objects but global 

environments based on the identification of sets of 

elements.  

For this purpose, the established procedure can be 

seen in the flowchart in Figure 1. After establishing the 

architecture of each network, the database to be used, the 

selection of training parameters and a selection of 

comparison metrics must be prepared. As we seek to 

evaluate the learning of a structured environment within 

a residential environment useful for the navigation 

machine vision system on a mobile robot, the metrics 

chosen are network size, to reduce the hardware 

requirements in memory and classification time, which 

is vital for the operation of mobile moving and can 

operate in real time. 
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For the implementation of the network architectures, 

including preprocessing, training, and metrics 

calculation, an Intel Core i9 Laptop with 16 Gigabytes 

of RAM, 1TeraByte SSD, Windows 11 NVIDIA, 

GeForce RTX 4080 12 Gigabyte processor was used. 

Figure 1. Network testing methodology flowchart 

(Source: developed by the authors) 

In this case, the database used consisted of 400 

training images divided into four classes of global 

environments: bedroom, bathroom, living room and 

bedroom. Figure 2 shows a sample of the database in the 

four environments of the chosen residential 

environment. 

Figure 2. Example of the training database 

(Source: developed by the authors) 

Since the ViT and Alexnet networks are predefined 

and are used by means of learning transfer, the input 

volumes are already determined, while for the CNN 

architecture designed, a volume close to that of the 

transformer network is chosen, which allows greater 

pixel recognition, resulting in higher image quality. The 

input volumes corresponding to the dimensions of the 

image database for each network, with their 

characterization, are shown in Table 1. 

Table 1. Input volume for each network (Source: 

developed by the authors) 

Net Network Type Architecture Input volume 

1 Transformer ViT 384x384x3 

2 CNN AlexNet 227x227x3 

3 CNN Own 350x350x3 

3. Results
Initially, the same parameters were established for all

the networks. Given that a level of accuracy greater than 

90% was sought, the iteration yielded the final value of 

epochs and the learning rate required. The options of the 

parameters selected for each training are shown in Table 

2. 

Table 2. Training options by network architecture 

(Source: developed by the authors) 

Net Optimizer 
Number 

of epochs 

Learning 

rate 

Mini Batch 

size 

1 SGDM 20 0.0001 2 

2 SGDM 20 0.00001 2 

3 SGDM 100 0.00001 2 

Based on the predefined architectures chosen and the 

network architecture developed, the following results 

were obtained after their respective training. 

Net 1. 

The ViT network architecture has 88.6 million 

learning parameters with 143 layers. Figure 3 shows the 

learning curve, where it is evident that the required 

training time is 24 min and 11 s, for a total of 20 epochs, 

where learning converges in 10 epochs for an accuracy 

of 100%. 

Figure 3. Transformer network training (Source: 

developed by the authors) 

Figure 4 illustrates the confusion matrix of the 

transformer network where it is evident that there is no 

confusion between classes. At the bottom, an image with 

the class prediction label is observed, which clearly 

corresponds to the environment presented. This image, 

which can be seen similarly within the samples in Figure 
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2, corresponds to a reflection used as a data 

augmentation technique in the test database. 

Figure 4. Confusion matrix and example of 

transformer network prediction (Source: developed 

by the authors) 

Net 2. 

The Alexnet network architecture has 56.8 million 

learning parameters with 24 layers. Figure 5 shows the 

learning performance, where it is evident that the 

required training time is 1 min and 19 s, for a total of 20 

epochs, where learning converges near epoch 19 with an 

accuracy of 98.08%. 

Figure 5. Alexnet training (Source: developed by the 

authors) 

Figure 6 illustrates the AlexNet confusion matrix 

where it is evident that there is only one class confusion 

between room and room, which is attributed to an image 

of the room entrance that does not exhibit the whole 

environment. The same validation image is observed for 

each network with the class prediction label, which 

clearly concerns the corresponding environment. 

Figure 6. Confusion matrix and example of AlexNet 

prediction (Source: developed by the authors) 

Net 3. 

The architecture of the own CNN network has 6.2 

million learning parameters, with 36 layers. Figure 7 

shows the learning performance, where it is evident that 

the required training time is 15 min and 48 s, for a total 

of 100 epochs, where learning converges near epoch 65 

with an accuracy of 95.8%. 

Figure 7. Own CNN network training (Source: 

developed by the authors) 

Figure 8 illustrates the designed CNN confusion 

matrix where several class confusions are evidenced 

mainly between the bathroom and room. Below is the 

same validation image used for each network with the 

class prediction label, which clearly corresponds to the 

provided environment. 
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Figure 8. Confusion matrix and example of designed 

CNN prediction (Source: developed by the authors) 

Table 3 summarizes the results presented by adding 

the digital size in kilobytes of each network and the 

approximate classification time per image. It is evident 

that the designed architecture, although with more layers 

of depth, has fewer filters and therefore fewer learning 

parameters than ALexNet and Transformer, which 

makes it digitally lighter and ideal to be embedded in a 

portable system. At the same time, the classification 

time is very little longer than AlexNet and small enough 

to operate in a mobile system in real time. 

Table 3. Metrics of each network (Source: 

developed by the authors) 

Net 1 2 3 

Size (KB) 313.497 206.787 22.533 

Time (seconds) 0.445300 0.059073 0.069771 

Learning 

parameters 

(millions) 

88.6 56.8 6.2 

Layers 143 24 36 

Training time 24 min 11 

seg 

1 min 

19 seg 

15 min 

48 seg 

Initial epochs 20 20 100 

Convergence 

epochs 

10 19 65 

Accuracy 100%. 98,08%. 95,8%. 

In [30], a DAG-CNN network was used for the 

semantic identification of residential spaces with an 

accuracy of 98.3%, a training time of 32.4 min, a size of 

36.3KB, 9.9 M of total parameters, 60 layers and an 

average classification time of 0.074 s. Being a two-

branch convolutional network architecture, it increases 

the number of parameters and the size of the network 

with no additional benefit to a 2.5% increase in accuracy. 

While this is still comparable to the learning transfer 

architectures evaluated, it does not significantly improve 

the use of one branch. The decrease in the classification 

time and digital weight obtained in the present study is 

preferable to that reported in [30].  Figure 9 illustrates 

the comparative in learning activations of the two DAG-

CNN networks (left) and the proposed CNN (right), 

where the relevance of the activations in the toilet is 

exposed but in the proposed network is stronger 

activation than that reported in [30]. 

Figure 9. Learning Activation DAG-CNN and 

designed CNN (N2) (Source: developed by the 

authors) 

4. Conclusion
The main findings of the present study show the rapid

convergence in learning the transformer network and its 

high level of accuracy, which, although in the case of an 

embedded network for a mobile robot it does not have a 

favorable size or time, it is ideal for pattern detection in 

images with more robust computing systems.  Compared 

to previous studies, the designed CNN is faster, smaller 

and lighter, optimal for mobile robot applications, and 

oriented to navigate under place identification. The 

strengths and limitations obtained show that, as 

mentioned in the state of the art, there are several robust 

architectures derived from CNNs; however, simple self-

designed architectures offer reduced sorting times and 

lower digital weight, which are optimal for robotic 

navigation systems, but require effort in their design and 

parameter selection. Although learning transfer 

facilitates and speeds up the design and implementation 

processes, its results do not necessarily turn out to be the 

most favorable in all scenarios. In the tests performed, it 

is observed that the self-designed CNN network is the 

most convenient for the case of a mobile robotic system 

in terms of network size, which is almost 14 times 

smaller than the ViT network and more than 9 times 

smaller than that of the Alexnet network. 
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