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 This document exposes the application of two deep learning models based on 

ResNet-18 architectures, intended for the location and identification of 

products in storage areas. One model obeys a tree structure and the other a 

structure under an ouroboron cycle. The performance of both models is 

evaluated using the metrics of training time, processing time and level of 

learning precision, which allows recommendations to be made regarding 

which one should be used for order preparation purposes, based on multilevel 

feature extraction. The total training time of the first model is 34.65 minutes 

and the second 40.43 minutes. The analysis of results allowed the detection 

parameters to be adjusted, finally with the refined models, through confusion 

matrices, precision results greater than 90% and processing times are 

obtained, which for model 1 is 6.8565 seconds and for model 2 is 4.884 

seconds. For practical purposes, training times are not relevant, as are the 

precision and processing times for selecting the most convenient model 

according to the end user's objectives.  
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1. INTRODUCTION 

Currently, concepts and implementation of industry 4.0 are a reality in production at various levels 

[1], where integration of data analysis, sensors and artificial intelligence go hand in hand with schemes that 

revolutionize industrial processes, such as inclusion of robots [2]. Being able to measure and act on outputs of 

a production line are tasks inherent to development of industry 4.0 and internet of things (IoT)-based systems 

[3]. All of this allows automation in production lines that translates into lower costs and times, under the smart 

factory concept [4]. Storage of products and their location within collection site are tasks that can be automated 

given high volume of demand and standardization of the process. In the case of an automated system that 

allows this task to be achieved, it must identify the storage location and discriminate each product among the 

possible ones that are stored, this as preliminary activities for order preparation. 

In artificial intelligence, the use of deep learning algorithms applied to manufacturing processes in 

industry stands out [5]. Where the integration of deep learning with robotic automation systems allows 

automating factory processes such as product inventories [6]. These algorithms today demarcate the 

implementation of Industry 4.0 schemes, based on techniques for multidimensional pattern recognition [7], 

where convolutional neural networks (CNN) are presented as the predominant technique. A convolutional 

network is a layer-based learning architecture, where the simplest structure is the union of convolution, linear 

rectification, and pooling operations for resizing. These are two-dimensional order operations carried out 

through matrix-type operations [8], highly efficient for detection of objects in images.  
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Object detection corresponds to locating all positions of objects to be verified in an entry that is 

delimited in boxes and labeled according to category to which it belongs [9]. A variety of applications employ 

deep learning for Industry 4.0, such as computer vision-based supermarket merchandise management using 

CNN, YOLOv3, and Keras [10]. Given advancement of deep learning models and artificial intelligence 

technologies, real-time object detection methods are an area of study to improve their effectiveness and 

potential for practical applications, including objects with geometric diversity and variety of optical properties 

[11]. This is reflected in management of components in supply chains in automotive industry and 

manufacturing industry, for example, to detect assembly parts [12]. Also, in identification of objects with 

deformed parts using geometric restriction and penalty [13] and in construction industry by categorizing objects 

by worker, material, machine and design [14].  

Object detection performance has improved through use of latest generation models based on both 

single-stage and two-stage deep learning [12], [15]. Although facilities of systems based on industry 4.0, today 

they can help prevent and/or correct risk situations in workers [16], even musculoskeletal risks from repetitive 

tasks remain high [17]. One of factors of this type of risk is task of storing goods, for example stacking boxes, a 

task that can be automated. Therefore, the objective of this article is to design and evaluate two pattern recognition 

methods for identifying boxes in industrial environments, which can be manipulated by robotic agents in a second 

phase. For this, convolutional networks are used with detection of region-based convolutional neural networks 

(RCNN) regions [18], based on multilevel detection of patterns, at first level the detection of boxes and at second 

level the detection of particular characteristics that allow them to be classified.  

This article is divided into four sections, the first with the introduction to the state of the art and 

proposed development. The second section presents the two proposed methods. The third section presents the 

analysis and discussion of results. Finally the conclusions reached are presented. 

 

 

2. METHOD 

In order to identify and locate a product (box) within a storage area such as a shelf, starting point is to 

establish a test scenario in which region-based deep learning networks will be used, steps to follow are shown 

graphically in Figure 1, for this, the most convenient predefined architecture is selected according to 

characteristics to be discriminated. Subsequently, solutions are designed that respond to what is required: 

identify each box and its type. To train network, database is built, network architecture is determined, training 

parameters are selected as the most appropriate optimizer, and validation tests are performed to identify and 

document errors. Finally, the model is refined and the metrics of processing time and level of accuracy in final 

recognition are calculated to give a recommendation in this regard. 

 

 

 
 

Figure 1. Methodology flowchart 

 

 

3. RESULTS AND DISCUSSION 

Considering robust developments in predefined CNN-based architectures, such as ResNet-18 [18], 

[19], ResNet-50 [20], ResNet-101 [21], and similar, it is decided to use a transfer model of learning. For this 

case, discrimination of storage boxes labeled for classification and located on a shelf is required. For its 

evaluation, a simulation of three-level storage shelves and boxes labeled with the letters A, B, C will be used 
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as shown in Figure 2. The boxes will be of different types that allow, if necessary, to have different products 

internally or same product in different quantities, using various sizes of boxes. Taking into account the low 

number of characteristics to be discriminated, it is decided to use a transfer learning model to centralize the 

design in the most favorable global algorithmic structure and not in the network architecture. For this case, 

training based on the ResNet-18 architecture [18], is chosen, a shallow classification and localization 

architecture that reduces the computational cost.  

 

 

 
 

Figure 2. Storage shelf example 

 

 

Since the aim is to locate each box on the shelf and subsequently identify the type of box, two particular 

solutions are proposed. First a tree structure where two ResNet-18 architectures are trained [22], the top node that 

will detect boxes and after that the network of the bottom node that will detect the type of box. Second solution 

uses same network with joint training of boxes and box type label, where network output, with box identification, 

is fed back for later identification of box type, and again until all types of boxes present are labeled (emulating an 

ouroboro cycle). Figures 3(a) and 3(b) respectively illustrates flowchart of proposed solutions.  

 

 

  
(a) (b) 

 

Figure 3. Flowchart of (a) tree structure and (b) ouroboro structure 

 

 

For training of each solution, a database is used that is built based on desired objective. Figure 4 

illustrates part of database of box storage shelves, where boxes of different types and sizes are used. Each 

image has a resolution of 1,000×1,000 pixels and 100 images of this type are used. Figure 5 presents a portion 

of database of boxes with discrimination labels, in which case boxes of type A, B, or C will be recognized 

without discriminating their size or shape. Each image has a resolution of 224×224 pixels (ResNet-18 input) 
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and 100 images of this type are used. Figure 6 shows network architecture used, where it is important to 

highlight that ResNet-18 has 18 layers with hyperparameters defined as the size of filters and convolution and 

pooling operations [8], [23]. Therefore, in concept of transfer learning, only the type of network training 

parameters is determined, as illustrated in Table 1.  

 

 

   

   
 

Figure 4. Database example of boxes on storage shelf 

 

 

 
 

Figure 5. Discrimination labeled boxes database 

 

 

 
 

Figure 6. ResNet-18 architecture 

 

 

In this case, images are resized to 224×224 pixels because it is input size of the network (224×224×3). 

Resolution reduction generates noise in training that makes Adam optimizer present better performance than 

one based on stochastic gradient descent (SGD) [24]. Figures 7 to 9 show results of training networks on a 

computer with an RTX-4070 GPU with 8GB of memory.  
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Table 1. Training parameters 
Parameter Setting value 

Training Options adam 

Mini Batch Size 1 

Initial Learn Rate 10e-6 

Max Epochs 100 

Validation Data Preprocessed Training Data 
Validation Frequency 1,054 

 

 

 
 

Figure 7. First tree network (training boxes) 

 

 

 
 

Figure 8. Second tree network (training labels) 

 

 

 
 

Figure 9. Ouroboro model network training (training boxes and labels) 
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A comparison of training results is presented in Table 2, it is observed that sum of training time of the 

tree model networks is 34.65 minutes, each with its respective database (boxes and labels). For the ouroboro 

model network, an integrated database of boxes and labels is used, training took 40.43 minutes. For both cases, 

precision levels greater than 95% are obtained in learning. Root mean square error (RMSE) is an indicator to 

evaluate quality of predictions for a particular data set and not between data sets, since it depends on scale 

used, it shows to what extent predictions vary from true values using Euclidean distance, therefore, values close 

to zero are desired, in this case, it is observed that training is more accurate for the ouroboro model when 

compared with average value of the tree model. Almalaq and Edwards [25] compares accuracy results using 

RMSE for various applications using CNN. Table 2 also shows that in total 7,600 iterations were carried out 

in the tree model network while the ouroboro model network required 8,300 for its training.  

 

 

Table 2. Training results 
Results Tree model Ouroboro model 

Boxes Labels Total/Average  

Validation RMSE 0.1075 0.075616 0.091558 0.059665 

Training time 19,35 minutes 15,3 minutes 34,65 minutes 40,43 minutes 

Iterations 3,900 3,700 7,600 8,300 

 

 

After training, validation tests are carried out with various results such as those presented in  

Figure 10. Errors are observed in the classification as shown Figure 10(a) where two of the nine boxes are not 

labeled correctly, this error is derived from model used, for the ouroboro case, as will be explained later. 

Another error is evident in non-detection of label as shown Figure 10(b). Finally, Figure 10(c) exposes one of 

several cases of correct classifications. 

 

 

   
(a) (b) (c) 

 

Figure 10. Ouroboro structure results (a) classification with errors, (b) unclassified, and (c) correct classification 

 

 

Figure 11 shows cause of mislabeling, validating with several examples, is evidently derived from the 

same ouroboro model. That is, when re-entering box detection image from first time to network, as model is 

trained with box database, it also seeks to identify these. Figure 11(a) shows a box type classification error, 

while Figure 11(b) shows a box identification error. Size of box it uses for object detection, biased to the 

minimum of label, it sees parts of same box as a new box, this error when identified is eliminated with software 

filtering in identification of label type, deleting everything that is marked as a box and establishing cycles in 

detection, one general for the box and next for the label in the ouroboro model. 

Error of non-detection of label occurs because training box type is taken at 224×224 pixels in database. 

When each box is detected and extracted from original 1,000×1,000-pixel image to preserve resolution, it has 

sizes greater than 224×224 pixels, so it must be resized to network input size. Rectangular boxes, when resized, 

modify shape and width of label, making it not legible in some cases, which was solved by entering these cases 

into database. Figure 12 illustrates the way in which the error was evident. In this case, an example was taken 

from database to validate correct classification. Figure 12(a) and later it is resized slightly smaller and when 

evaluated through network, it does not distinguish label and therefore does not classify box as shown Figure 12(b). 

Figure 13 relates detection for case of the tree-type model, there are two scenarios, the first that shows 

an example of correct operation in Figure 13(a) and the second where the absence of classification is evident 
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as shown in Figure 13(b), this error was solved in same way as error of non-detection of the ouroboro model 

label since it was due to same cause. Once adjustments have been made to detected errors, refined models are 

evaluated using confusion matrices that show box sorting results for each model, as seen in Figure 14.  

Model 1 in Figure 14(a) shows corresponds to two tree networks and model 2 in Figure 14(b) to the ouroboro 

type, the classes correspond to correct labeling of each type of box A=1, B=2 and C=3. Table 3 illustrates 

statistical results of confusion matrix metrics of each model used, it is evident that model 1 (tree) has a higher 

precision, however, both models present a high precision that exceeds 90%. There is a significant difference in 

the classification and localization time of each model, for model 1 it is 6.8565 seconds, while model 2 

(ouroboro) is 4.884 seconds, almost two seconds more.  

 

 

  
(a) (b) 

 

Figure 11. Classification error: (a) misclassification and (b) network detections error 

 

 

  
(a) (b) 

 

Figure 12. Detection error due to size (a) 224×224 pixels and (b) 220×220 pixels 

 

 

  
(a) (b) 

 

Figure 13. Tree structure detection (a) correct classification and (b) classification without detection 
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(a) 

 

 
(b) 

 

Figure 14. Confusion matrices (a) tree model and (b) ouroboro model 

 

 

Table 3. Confusion matrix metrics 
Parameter Tree model (1) Ouroboro model (2) 

Precision 0.96875 0.90909 

Recall 0.93939 0.90909 
F1-score 0.95385 0.90909 

 

 

In general, main false positives that occur are due to changes in resolution of letters used as labels to 

discriminate the type of box. The reduction in resolution, as mentioned, generates a loss of characteristics that, 

in this case, causes letters to be confused mainly with B, as indicated by the confusion matrices. This case is 

carried out in rectangular boxes that present a greater loss of characteristics when they are resized to the size 

of network input. As future research, the construction of algorithms is proposed that allow not only the 

identification of boxes and their types, but also achieve the interpretation of the typical images used as guidance 

on the handling that should be given to the boxes for their manipulation and subsequently the interpretation of 

more detailed labels located on products. Progress could also be made towards expanding the scope by 

considering the handling of boxes and products by robotic agents for the preparation of orders. 
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4. CONCLUSION 

It is concluded that the two solutions designed are fully functional and allow the objective of locating 

and identifying products stored in labeled boxes on shelves to be met with an accuracy greater than 90% and 

with processing times of less than 7 seconds, in both cases, which for an application in a real environment is a 

manageable response time. Despite existing differences in training times, for practical purposes these do not 

turn out to be relevant, as are precision and agility in response time as criteria for selecting the most convenient 

model in light of end user's objectives, which does allow us to conclude which model will be most convenient 

in application environment. It is evident that, although computational cost is higher when using two tree 

network architectures, by doubling use of resources, precision achieved is greater, due to specialization of the 

pattern learning of each network. Where it can be concluded that temporal accumulation can favor use of the 

ouroboro architecture, since for each execution two seconds advantage it presents over the tree model must be 

added. 
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