
Mobile Application Design for Managing Preventive 
Maintenance Information for Neonatal Respirators 

 
Jhonatan Junnior Anaya Medina, Diego Daniel Martínez Calderón 

Universidad de Lima, Escuela de Ingeniería y Arquitectura 
Lima, Perú 

20122496@aloe.ulima.edu.pe , 20121932@aloe.ulima.edu.pe 
 

José Antonio Taquía Gutiérrez 
Universidad de Lima, Instituto de Investigación Científica, Grupo de Investigación en 

Tecnologías Exponenciales, Grupo de Investigación en Economía Circular,  
Carrera de Ingeniería Industrial.  

Lima, Perú 
jtaquia@ulima.edu.pe 

 
Abstract 

 
This research study proposes a new alternative for monitoring and managing maintenance work in neonatal respiratory 
equipment at the Edgardo Rebagliati Martins General Hospital, a general health facility in Lima, Peru. This proposal 
is based on a Mobile Vision Optical Character Recognition (OCR) algorithm, which identifies the numerical code of 
each device in the field through an Android mobile application. This information is then processed using a Weibull 
model to determine equipment failure probabilities. Based on the mean times between failures collected from history 
information, the system calculates the current failure probabilities for each device. These probabilities are recalculated 
every time the equipment is scanned. This paper describes the variables used, obtaining an 88% accuracy when using 
the OCR system, thus identifying preventive maintenance needs from device information. 
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1. Introduction 
The large number and variety of hospital equipment devices, such as the one this paper focuses on, requires constant 
innovation in information management processes to secure their preventive maintenance. The success of 
maintenance management is based on the time, cost, and income numbers obtained, which, in turn, are directly 
linked to the work environment structure in terms of the materials used, workflows established, work methodology 
guidelines proposed, and their work teams (Benítez et al. 2018). Hence, within the hospital complex assessed, each 
neonatal device is associated to intrinsic alphanumeric information, such as a unique ID code, its location, its 
technical installation sheet, its purchase information, and its current status. 
 
For this study, an OCR (Optical Character Recognition) model with a number of classification techniques has been 
used to recognize the numerical codes from neonatal equipment through an Android application. OCR technology 
has proven helpful when digitizing documents or extracting information from images. For example, this technology 
prevents users from having to type texts, thus not only releasing them from tedious work, but also reducing typing 
errors, among others.  
 
OCR-based applications capable of detecting and interpreting text information from images using Android mobile 
devices require to prevent operation issues (Jiménez, 2018). For this project, Android version 4.0.3 was used 
featuring an appropriate functionality on a daily use. On the other hand, to guarantee proper processing, only 
neonatal equipment placed in well-lit environments, with a minimum of 100 lux, were considered in scope.  
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The current process used to diagnose hospital equipment lifespans and determine whether these devices must receive 
maintenance or be immediately replaced is based mainly on three criteria: their usage level, which measures whether 
each device is being used at its full capacity; their incident history, consisting of recording device failure details; and 
their regulatory requirements, which are established by manufacturers (Vala et al. 2018). Therefore, the decision to 
provide maintenance to an equipment device seems to be purely based on imposed criteria, such as the devices most 
frequently used, the devices that report the largest number of failures or the data sheets provided by the 
manufacturers. 
As the assessed hospital uses both hand-written codes and printed labels, using an OCR application will cover both 
aspects.  
 
This paper has been structured as follows: Sections 2 and 3 describe the literature reviewed and our research 
methodology. Section 4 discusses data treatment and collection processes. Section 5 provides results and the 
improvements proposed. Finally, Section 6 presents our conclusions and recommendations for future lines of 
research on the subject matter. 
 
1.1 Objectives  
This research study seeks to design a mobile application that assesses preventive maintenance needs for neonatal 
respirator equipment. For these purposes, the following objectives were defined. 
  

o To automate the recognition of the information associated with each neonatal respirator device using OCR. 
o To assess preventive maintenance needs for each device through a Weibull model. 

 
2. Literature Review 
Previous research studies, such as Sgarbossa et al. (2018), assessed different preventive maintenance datasets and 
probability distribution models to demonstrate how feasible the implementation of the Weibull distribution is. In fact, 
its reliability is higher than other models, such as the exponential distribution, which is characterized by a constant 
failure rate. For this reason, preventive maintenance policies without an adequate failure distribution have proven not 
to be a good strategy. Meanwhile, Sidibe et al. (2013) argued that, as the Weibull distribution uses three parameters, 
it provides greater implementation flexibility, whether for experimental and operational results, which also increase 
its reliability against other distributions. 
 
Likewise, there is a direct relationship between the operating conditions and Weibull distribution. In addition, since 
the Weibull distribution features an “s” behavior, this distribution describes maintenance operation cycle processes 
(Hu et al. 2021). The different reliability process components applied to maintenance systems, as studied by Liu et al 
(2020), demonstrate the usefulness of the Weibull distribution as a baseline for assessing different effects, such as 
how old each device is. Furthermore, other studies describe how the Weibull distribution parameters are useful for 
scheduling preventive maintenance and managing failure risks (Bracke 2020). Regarding using Weibull distribution 
modeling software in estimating maintenance failures, there are software packages in open-source R libraries that can 
be used in its implementation (Krämer et al. 2021).  
 
For Nassar (2018), the Weibull method can be applied to either large or small samples and it describes how logarithmic 
transformations can be applied when modeling equipment life cycles are expressed as probability of failure during a 
given operation time. In this sense, Ramírez (2014) states that lifecycle modeling focuses on the operation of the object 
of study since its use is important within its usage scope. Likewise, it can detect monitored component issues through 
a list of errors based on usage times. 
 
Here, the Weibull algorithm is so versatile that it can approximate the exponential, normal, and Raleigh distributions. 
These characteristics are useful for modeling different types of failures, such as early and random failures, as well as 
failures related to equipment obsolescence (Salazar et al. 2017). 
 
In terms of capturing recognition images, Hubert et al. (2021) described the OCR algorithm and report adequate label 
recognition performance in different types of processes. Likewise, Robby et al (2019) and Cano (2018) focused on an 
Android OCR mobile application, but it was not integrated with a service as we have done in the study reported herein.  
For the design and development of the application, the agile Scrum methodology has been selected because it adds 
value to the development process, providing deliverables in stages known as “sprints” and uses incremental software 
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development (Olaya et al. 2020). In fact, using agile methodologies to develop health applications is critical because 
they allow greater user interaction and short-term prototype validation (Kannan et al. 2019, Woodson et al. 2018, 
Clark et al. 2019).  
 
This paper is of a descriptive nature and intends to highlight the importance of image recognition technology in health 
operations, mainly considering this field as intensive on non-structured data. The mainstream on health support 
operations goes this way using data processing analysis for tactical decision support. 
 
3. Methods 
When defining functional and nonfunctional requirements, the maintenance management flow used by the hospital 
was described. This flow consists of manually collecting equipment label codes and subsequently entering this 
information into the database server, wherein relevant device information, such as technical data sheets and 
maintenance dates are stored (Figure 1). 
 

 
 

Figure 1. Device labels used at the Edgardo Rebagliati Hospital 
 
The Android mobile application (Figure 2) was developed using the Kotlin programming language, Mobile Vision 
Text services from Google for detailed character recognition, and Android Software Development Kit to extract all 
the development tools used, such as the Android Tool, Android Simulator, and aforementioned Google service. 
 

 
 

Figure 2. Android application: OCR screen capture details 
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The term of reliability (𝑇𝑇𝑅𝑅) to obtain an operational lifespan for a unit with a probability of R(T) was obtained with:  
(Moreno et al., 2011) 
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The application receives the given period and time between failures (operation days until failure) as inputs. The API 
(Application Programming Interface) service then uses this data to calculate the time between equipment failures, thus 
obtaining reliability and failure probabilities for each device scanned. 

 
4. Data Collection 
As part of the data cleansing process, the start and end dates of the equipment failures reported were extracted from a 
legacy system (Table 1). We were able to determine device uptime rates, from the time each device became operational 
until a failure or any downtime was reported (time between failures), which provided the parameters we needed to 
solve the Weibull distribution. 
 

Table 1. Description of the neonatal ventilation equipment 
 

Details Features Image 
Equipment Name Neonatal Ventilator 

 

Brand Bear 
Model Bear Cub 
Series 750 Vs 

Manufacturer Bears Ventilators 
Purchase Date October 01, 2019 

Vendor Soma Tech InTL 
Maintenance Every 6 months 
Calibration Subject to continuous use 
Warranty 1 year 

 
The information was collected from the 2016–2019 history reports of the high-frequency neonatal ventilation 
equipment devices used at the assessed hospital. These reports provide information on the maintenance each device 
has received as an example of one equipment in Table 2. This maintenance is divided into two types: (i) scheduled or 
preventive maintenance performed from timely to verify the proper operation of equipments and prevent possible 
failures and (ii) corrective maintenance, which is only performed when the corresponding device experiences a failure, 
hindering its proper operation. In the latter case, the corresponding device is removed from operation and an 
unscheduled maintenance plan is executed. 
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Table 2. Days between failures from 2016 to 2019 

 
Interval (i) Time between Failures 

(Days) 
1 16 
2 168 
3 52 
4 60 
5 9 
6 27 
7 102 
8 63 
9 11 
10 12 
11 28 
12 92 
13 110 
14 242 

 
5. Results and Discussion 
5.1 Numerical Results  
As part of this study, 50 images were taken from 6 neonatal respirators, achieving an 88% effectiveness in reading 
labels. Some codes could not be read because the worn-out state of the label rendered them illegible. In addition, some 
devices had been placed in areas lighted under 100 lux with some hand-written labels, which made it difficult to 
understand the numbers. Here the probability of misreading 8% of the total number of labels is directly associated 
with worn-out and hand-written labels. The remaining 4% refers to lighting issues as poor lighting causes the 
application to only recognize some device code characters. 
 
After capturing the corresponding device codes, we obtained the parameters of the Weibull distribution model. Hence, 
(β: 0.73; α: 22.69), since the β parameter is within the 0 ≤ β ≤ 1 range, premature failures have occurred in the initial 
lifespan of the device. Table 3 below lists the device reliability results. 
 

Table 3. Reliability results (R(t)) based on historical data 
 

i ti Ln(ti) Lag (Ln(ti) − x)² Reliability R(t) 1 − R(t) 
1 9 2.2 0.0 90% 10% 
2 11 2.4 0.0 85% 15% 
3 12 2.5 0.0 80% 20% 
4 16 2.8 0.2 76% 24% 
5 27 3.3 0.9 72% 28% 
6 28 3.3 1.0 69% 31% 
7 52 4.0 2.6 66% 34% 
8 60 4.1 3.1 63% 37% 
9 63 4.1 3.3 60% 40% 
10 92 4.5 4.8 58% 42% 
11 102 4.6 5.2 56% 44% 
12 110 4.7 5.6 53% 47% 
13 168 5.1 7.8 51% 49% 
14 242 5.5 9.9 50% 50.42% 
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5.2 Graphical Results 
 

 
 

Figure 3. Survival R(t) probability based on time between failures (Days) 
 

Based on the maintenance information provided for the neonatal ventilation equipment assessed, we can observe that 
device reliability has decreased over time. In fact, at the time of the analysis (Figure 3), the reliability probability is 
set at 50.42% since the average operation time is at 250 days. Likewise, the failure probability (F(t)) for 50.42% is 
within the proposed threshold of 90.00%, which indicates that these devices do not require immediate maintenance. 
 

  
Failure Probability 

 

Start Date: 10/01/2019 
 
Current Date: 08/13/2020 
Time (Days): 317 
 
Probability (Failure): 81.76% 
 
Maximum Operation Peak 
F(t) Threshold: 90% 
Start Date: 10/01/2019 
Maximum Time: 401 days 
Maximum Date: 11/15/2020 
Return to Another Screen 
Capture 

Figure 4. Equipment information and Weibull Model Calculation in the mobile application 
 
Figure 4 is the result from another neonatal respirator, wherein the view generated with the Weibull distribution is 
displayed in two sections. The “Failure Probability” (F(t)) section at inspection time denotes a value of 81.76%, and 
the “Maximum Operating Point” section indicates the date when the equipment will reach the F(t) threshold. Hence, 
devices will require maintenance 401 days after their start date of operation. That is, on 11/05/2020, the equipment 
will reach a failure probability (F(t)) of 90.00%. At this time, a new maintenance order should be scheduled. The 90% 
F(t) threshold is proposed by the Maintenance Management department at the hospital. This threshold is set at this 
level because neonatal ventilators are considered critical equipment. 
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5.3 Proposed Improvements 
The application was shared with the Maintenance Team at the Hospital for final approval. We received feedback on 
how to strengthen the application by adding new functionalities such as a graphic dashboard with equipment 
operation indicators. 
 
5.4 Validation  
The system recognized the numerical and alphabetical values that were displayed in the label. However, since the 
objective was to capture only the numerical values from the equipment code, we had to change the OCR detection 
parameter configuration. The application had issues reading codes in spaces lighted at less than 100 lux. Therefore, 
the lighting fixtures had to be changed in areas where the neonatal ventilation equipment operated. 
 
6. Conclusions 
Among our conclusions, we can mention that this study focused on improving the maintenance management of 
neonatal equipment using an OCR algorithm to capture the numerical codes associated to each device, thus automating 
the existing manual process that hindered adequate equipment monitoring. The OCR recognition algorithm was 88% 
effective in identifying the numerical codes printed or written on device labels, detailing device information, and 
calculating their failure probability to anticipate possible maintenance actions.  
As part of the research study, information was collected from six machines, identifying premature failures in all of 
them. This evidences the usefulness of the Weibull model to represent lifespan expectancies for neonatal ventilators. 
This behavior can then help take action with other ventilation equipment. To reduce initial failure risks for these 
machines, device information must be recorded as they are commissioned, and their failure probabilities must be 
compared against the values accepted by the people in charge of the maintenance management process. For the 
equipment assessed, this value was set at 90%.  
Future lines of research must be related to using remote operation sensors to monitor device operation indicators to 
create an indicator dashboard. 
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