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This study develops and evaluates a mobile application for banana ripeness
classification based on a convolutional neural network (CNN). The proposed system
enables users to capture banana images using a smartphone camera and automatically
determine ripeness stages through image-based inference. A CNN model was trained
using a curated dataset consisting of 1,200 labeled images representing five ripeness
categories. The system was further assessed through functionality, compatibility, and
load performance testing to examine its operational stability under varying user
demands. Experimental results show that under moderate workloads (< 100 concurrent
users), the application-maintained response times ranging from 10.5 to 17.3 ms with no
observed errors. Under stress conditions (500 concurrent users), the response time
increased to over 110 ms and the error rate reached 81.4%, indicating significant
performance degradation at extreme loads. Overall, the results demonstrate that the
proposed system provides reliable performance under typical usage conditions and
offers a practical, non-destructive approach for rapid banana ripeness assessment in

agricultural and post-harvest management applications.

1. INTRODUCTION

Bananas (Musa spp.) are among the most widely consumed
fruits worldwide, both in fresh and processed forms, because
of their high nutritional value [1-3]. Their nutritional
composition varies across cultivars, including differences in
carbohydrate, calorie, vitamin, and water content. For
instance, Ambon bananas have been reported to contain higher
carbohydrate levels than several other local varieties [4-6].

Banana composition is also influenced by the ripening
stage. In unripe fruit, carbohydrates are mainly present as
resistant starch, whereas during ripening, starch is converted
into simple sugars such as glucose, fructose, and sucrose [7-
9]. These compositional changes affect the taste, texture, and
nutritional properties of bananas.

Numerous studies have shown that banana ripeness is
closely associated with biochemical transformations,
particularly the enzymatic conversion of starch into soluble
sugars such as glucose, fructose, and sucrose. These changes
affect the sweetness, texture, and caloric value of the fruit as
ripening progresses. Increasing sugar content during ripening
is also accompanied by observable external changes,
especially in peel color and texture [10].

In practice, conventional ripeness assessment often depends
on destructive laboratory analyses or spectrophotometric
methods, which are not suitable for routine consumer use or
mobile implementation. Recent advances in non-destructive
techniques, including hyperspectral imaging, RGB image
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analysis, and electronic sensing, have enabled visual features
to be linked with internal quality indicators, including sugar-
related changes [11]. Building on this foundation, the present
study proposes a convolutional neural network (CNN)-based
mobile application for classifying banana ripeness from peel
images.

Accurate ripeness assessment is crucial for evaluating
banana quality, as fruit maturity has been widely recognized
as a determining factor in harvesting decisions and overall fruit
quality in modern agricultural systems [12]. However,
traditional methods, such as manual inspection based on peel
color and texture, are subjective, error-prone, and may cause
mechanical damage to the fruit. These limitations highlight the
need for non-destructive and automated alternatives that can
provide more consistent and reliable results.

In response to this need, the Ba-Nanas! application was
developed as a mobile-based solution for automated banana
ripeness classification. By integrating a CNN model with a
mobile phone camera, the application enables users to capture
banana images and obtain ripeness analysis results directly
through their mobile devices. The system was implemented
using the React Native framework to support cross-platform
accessibility, while the back-end Application Programming
Interface (API) connected the trained CNN model with the
banana image dataset.

In mobile application development, system reliability is
determined not only by the correctness of functionalities but
also by the ability to maintain stable performance under
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diverse operating conditions. Therefore, testing constitutes a
critical stage in ensuring software quality [13-16]. Functional
testing verifies that all features operate according to
specification, whereas non-functional testing evaluates
performance and compatibility aspects. Performance
evaluation commonly includes load and stress testing to
measure throughput, error rate, and response time under
concurrent user requests. Compatibility testing further
examines application operability across devices with different
specifications.

Although previous studies have explored CNN-based image
classification for agricultural applications, limited attention
has been given to the integration of banana ripeness analysis
with systematic mobile performance evaluation. In particular,
the combined use of load testing, stress testing, and
compatibility testing in a CNN-based agricultural mobile
application remains limited. This integration enables a more
comprehensive assessment of both algorithmic capability and
application robustness.

Non-destructive quality assessment of agricultural produce
has advanced considerably through imaging and spectral
analysis techniques. Hyperspectral imaging and related
spectral methods, such as Visible Spectroscopy/Near-Infrared
Spectroscopy (VIS/NIR) and Fourier Transform Infrared
Spectroscopy (FTIR), have been widely reported as effective
tools for assessing banana ripeness and internal quality
attributes without damaging the fruit [17, 18]. However, these
approaches typically require specialized and costly equipment,
which limits their scalability and practical adoption,
particularly among smallholder farmers. In contrast, the
present study adopts an image-based approach using widely
accessible mobile devices and CNN-based RGB image
classification, positioning the proposed system as a more
practical and scalable alternative for non-destructive banana
ripeness assessment.

The proposed system does not infer biochemical quantities,
such as glucose or caloric values, directly from RGB images.
Instead, the CNN is used solely to classify banana ripeness into
predefined categories based on visual characteristics of the
peel.

This study aims to evaluate the performance and
compatibility of the Ba-Nanas! application in terms of
reliability, responsiveness, and stability. Specifically, the
contributions of this study are threefold: (i) the design and
implementation of a CNN-based mobile system for banana
ripeness classification, (ii) systematic evaluation of
functionality, performance, and compatibility under different
user load conditions, and (iii) assessment of system
responsiveness and stability across multiple mobile devices.
Overall, the study is expected to demonstrate the feasibility of
Al-assisted mobile tools for practical banana ripeness
assessment in agricultural and post-harvest contexts.

2. LITERATURE REVIEW
2.1 Mobile development frameworks

React Native is a cross-platform framework that enables
mobile application development using the JavaScript
programming language. It offers simplicity, reusable
components, and a live reload feature that accelerates the
development process [19]. In agricultural informatics, cross-
platform development is essential to reach diverse
stakeholders such as farmers, distributors, and consumers who
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often use heterogeneous mobile devices. Several studies have
demonstrated the feasibility of React Native in agricultural
applications, ensuring accessibility and usability across
Android and iOS platforms [20]. TypeScript, a superset of
JavaScript, is frequently employed to enhance code reliability
and maintainability during application development [21].

2.2 Programming languages

Python is among the most widely adopted programming
languages in artificial intelligence and computer vision
research. Its rich ecosystem of libraries, such as TensorFlow,
Keras, and PyTorch, makes it highly suitable for agricultural
applications, including fruit quality assessment, ripeness
classification, and yield prediction. For example, Tapia-
Mendez et al. [22] used CNNss to classify the ripeness of fruits
and vegetables based on image data, while Ashfaq et al. [23]
applied CNN for crop yield prediction using environmental
and remote sensing data. Similarly, CNN-based approaches
have also been successfully employed to classify agricultural
products based on visual quality attributes, such as maturity or
postharvest condition, using RGB image features [24]. In the
Ba-Nanas system, Python is utilized for model training and
back-end services, enabling efficient integration of CNN-
based classification with mobile interfaces.

2.3 System integration with Representational State
Transfer Application Programming Interface

Representational State Transfer (RESTful) API provides a
lightweight and scalable architecture for communication
between mobile clients and servers. Using Hypertext Transfer
Protocol (HTTP) protocols and JavaScript Object Notation
(JSON) formatting, RESTful APIs allow seamless integration
of mobile applications with machine learning models hosted
in the cloud [25]. In the agricultural domain, web service APIs
including RESTful approaches have been increasingly applied
to support the integration of field data, image repositories, and
Al  models, enabling real-time accessibility and
interoperability in smart farming systems [26].

2.4 Performance evaluation tools

Performance testing is critical to ensure that an application
can maintain reliability under expected workloads. Apache
JMeter is a widely used open-source tool designed to simulate
concurrent user requests and evaluate server responses [27]. In
the context of IoT-based agricultural applications,
performance evaluation is increasingly emphasized to
guarantee responsiveness and stability. Recent reviews have
highlighted JMeter among the commonly employed tools for
application-layer testing in IoT systems, particularly to
analyze throughput, error rates, and response latency [28]. For
example, Minani et al. [29] evaluated mobile applications for
estimating soil properties and emphasized the importance of
response time and stability under various usage scenarios,
demonstrating the relevance of performance testing in
agricultural mobile solutions.

2.5 Software testing approaches

Testing plays a central role in software development to
ensure both functionality and robustness [30]. Automated
testing frameworks for mobile applications have been
systematically reviewed to help development teams maintain



quality and reduce defects, particularly in usability and system
reliability. In the agricultural mobile-technology domain,
recent trend surveys underline the increasing importance of
mobile app quality, reliability, and performance as key factors
in technology adoption among farmers and stakeholders [31].

3. RESEARCH METHODS
3.1 Research process

This study evaluates the Ba-Nanas! application through a
comprehensive software testing approach that focuses on
functionality, performance, and compatibility. The research
process consists of system requirements identification, user
interface (UI/UX) design, system architecture design, front-
end and back-end implementation, API deployment, and
application testing. The testing phase includes black box
testing, load testing, stress testing, and compatibility testing to
ensure the reliability and robustness of the system under
various operational conditions.

3.2 Identify system requirements

System requirements identification covered both functional
and non-functional requirements. Functional requirements
were defined to describe the main operations supported by the
application, whereas non-functional requirements were
specified to determine performance and compatibility
expectations. The functional requirements included image
acquisition through the camera or gallery, banana ripeness
classification using a CNN model, display of prediction results
across five predefined ripeness categories, storage of previous
analysis records, and deletion of historical analysis data.

The non-functional requirements focused on performance
and compatibility. In terms of performance, the application
was expected to provide responsive analysis under normal
operating conditions. In terms of compatibility, the application
was intended to operate across mobile devices with different
hardware specifications and screen characteristics.

3.3 User interface design

Application interface design begins with the creation of a
wireframe as a preliminary design that illustrates the layout of
key elements such as buttons, menus, and images before
moving on to the final design stage. The wireframe serves to
organize the display structure so that the development process
is more focused, and then it is developed into a color design
with the addition of icons and more attractive and interactive
visual elements. Each page has a different function, including
the Splashscreen page as the opening display with the
application logo, the Home page containing the main menu
and feature navigation, the Scan page for scanning or selecting
images from the gallery, the Analysis Results page that
displays the scan results, and the History page that stores and
displays previous analysis results.

3.4 System design

The CNN model used in this study consists of four
convolutional layers, each followed by Rectified Linear Unit
(ReLU) activation and max-pooling operations. The model
ends with two fully connected layers and was trained on a
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dataset of labeled banana images representing five ripeness
levels. The CNN was used solely to classify banana ripeness
into predefined categories based on visual characteristics of
the peel.

Figure 1 illustrates the use-case structure of the Ba-Nanas!
application and the interactions between the user and the
system. The main features are accessible through the Home,
Scan, and History pages. The Home page displays
introductory information and provides navigation to the main
functions. The Scan page allows users to capture or upload
banana images for ripeness analysis, whereas the History page
stores previous analysis results and supports record deletion.

To support system development, the application workflow
was modeled using an activity diagram, as shown in Figure 2.
The workflow begins when the user opens the application and
accesses the Home page, where introductory information and
recent analysis history are displayed. From this page, the user
may delete selected history records or navigate to the Scan or
History page. On the Scan page, the user can either capture a
photo using the camera or import an image from the gallery.
The system then validates the selected image. If the image
contains a banana, it is processed by the CNN model and the
predicted ripeness result is displayed and stored in the History
page. Otherwise, the application displays a notification
indicating that the selected image is not a banana. The user
may then reload the analysis or navigate to the History page to
review previous scan results.

From an implementation perspective, the mobile
application was developed using React Native to support
cross-platform accessibility. The backend was implemented
through an API that connected the application interface, the
trained CNN model, and the database for storing prediction
history. This architecture enabled image submission, ripeness
inference, result display, and history management within a
unified mobile environment.

After designing the system, the next step is to implement the
system in code based on the identified needs and the
established system design. In terms of appearance, this
application has several main pages that have been designed
based on user needs. The Home page displays animated
information and analysis history, and allows users to delete
historical data. The Scan page allows users to take pictures or
upload them from the gallery, as well as analyze the ripeness
of bananas. However, if the uploaded image is not a banana,
the system cannot process the image.
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Figure 1. Use case diagram of Ba-Nanas! application
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Figure 2. Ba-Nanas! application activity diagram

The History page is designed to store and display analysis
results in the form of banana type, ripeness category, and
ripeness value. The next step is back-end design. At this stage,
the model that has been trained using the CNN algorithm will
be integrated using the Flask API. The goal is to enable mobile
devices to send banana images uploaded by users to the server.
The server will process the images and return the predicted
ripeness of the bananas in JSON format. The back-end
implementation in this system utilizes Flask to build a
RESTful API that enables communication between the front-
end and back-end via the HTTPS protocol.

The CNN model is stored in h5 format and loaded into Flask
using the TensorFlow library. Uploaded banana images will
be analyzed to determine ripeness based on predetermined
categories, namely unripe, half-ripe, ripe, overripe, and almost
rotten. The analysis results are stored in the Firebase Realtime
Database for later access. The server can handle POST, GET,
and DELETE commands sent by the application. After the
design phase is complete, the Flask API is hosted using
CloudVPS Rumah Web so that it can be accessed online.

3.5 Testing scenarios
This study focuses on evaluating system-level performance

metrics, including response time and error rate, under varying
user loads. It should be emphasized that the reported error rate
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represents system-level request failures rather than CNN
misclassification, as the primary objective of this study is
system performance evaluation.

3.5.1 Black box testing scenario

Black box testing was conducted to verify whether all
functional features of the Ba-Nanas! application operate
according to the specified requirements. The testing focused
on core application features, including image acquisition,
ripeness analysis, result visualization, history management,
and error handling. Each test case evaluated expected outputs
without considering internal code structure, ensuring that the
system functions correctly from the end-user perspective.

3.5.2 Load testing scenario

Load testing was conducted to simulate realistic usage
patterns of the Ba-Nanas! application under expected
operational conditions. Three scenarios were defined to
represent light, moderate, and upper-bound user concurrency
levels, using 25, 50, and 100 simulated users, respectively, in
line with common benchmarking practices for mobile systems
[32]. Each scenario applied a 10-second ramp-up period to
emulate gradual user access and avoid artificial traffic spikes,
thereby providing a more realistic representation of
application usage. Performance evaluation was carried out
using Apache JMeter, and the recorded metrics included
average response time, throughput, and error rate. These
metrics were selected to capture the responsiveness,
processing capacity, and reliability of the system under
increasing workloads. This approach also allowed the system
to be evaluated progressively across different levels of
concurrent demand. Overall, the testing framework was
designed to assess system stability and performance under
normal and anticipated usage conditions, consistent with prior
studies on mobile application benchmarking [33]. The load
testing scenarios used in this study are summarized in Table 1.

Table 1. Load testing scenarios

. Number RamP-up Loop
Scenario Period Purpose
of Users Count
(seconds)
. Light
Scenario 1 25 10 1 expected load
. Moderate
Scenario 2 50 10 1 expected load
Scenario3 100 10 1 Upper-bound

expected load

3.5.3 Stress test scenario

Stress testing was conducted to evaluate the system’s
behavior when subjected to workloads exceeding its expected
operational capacity. This test aims to identify performance
degradation, failure points, and system limitations.

In this scenario, as shown in Table 2, 500 concurrent users
were generated with a rapid ramp-up period of 5 seconds,
intentionally creating a traffic surge that exceeds normal
operating conditions. This configuration simulates sudden
spikes in user requests and allows observation of throughput
collapse, error escalation, and response time saturation.

The stress testing results are used to determine the current
operational limits of the Ba-Nanas! application and to identify
areas requiring backend optimization and scalability
improvements.



Table 2. Stress test scenario

Ramp-up

Scenario Number Period Loop Purpose
of Users Count
(seconds)
Beyond-
Stress 500 5 1 capacity
Scenario stress
condition

3.5.4 Compatibility testing scenario

Compatibility testing was performed to ensure that the Ba-
Nanas! application operates correctly across mobile devices
with different hardware specifications, screen resolutions, and
Android versions. The application was tested on smartphones
with low, medium, and high specifications to evaluate
interface consistency, responsiveness, and functional stability.

This testing aims to confirm that the application can be
reliably used across heterogeneous mobile environments
without crashes, functional errors, or significant performance
degradation.

4. RESULTS AND DISCUSSION
4.1 Black box testing

Black box testing was conducted to verify that all core
features of the Ba-Nanas! application operated according to
the specified requirements. The black box testing results
confirmed that all core features of the Ba-Nanas! application
operated according to their expected behavior.

As shown in Table 3, all functionalities on the Home page
were executed successfully, including the automatic animation
of banana-related information, navigation between tabs, and
deletion of history items. These results indicate that the
interface responded correctly to user input.

Table 3. Homepage testing

Scenario Expected Results Conclusion
Can display a Home page
with automatic animation
The user opens the .
L containing fun facts about Success
Application. . .
bananas and displaying a
scan history list.
Users see animated
information, and Animation moves to the
they can manually . Success
next item.
scroll through the
animation.
Banana data information
Users view scan is displayed correctly
. (banana type, category, Success
history. .
ripeness value, and
ripeness prediction).
The user presses the . .
Related history items
delete button on the . Success
) removed from the list.
History page.
The user accesses Navigation successfully
another tab, namely  directed to the appropriate Success
scan. page.
Users can access Navigation successfully
another tab, namely  directed to the appropriate Success

History.

page.

487

Table 4 summarizes the testing results for the Scan page,
including image capture, gallery upload, ripeness analysis,
result display, and invalid-input handling. All scenarios
produced the expected outputs, indicating that the interaction
between the front-end interface, the CNN model, and the API
functioned correctly. The system also handled non-banana
images appropriately by displaying relevant error
notifications.

Table 5 presents the testing results for the History page. All
scenarios were completed successfully, including viewing and
deleting previous analysis records.

Overall, the black box testing results indicate that the main
functions of the Ba-Nanas! application operated consistently
across all primary pages and were suitable for subsequent

performance and compatibility evaluation.

Table 4. Scanned page testing

Scenario Expected Results Conclusion
Users can select The application opens the
images from the gallery and allows users to Success
gallery. select images.
U.S ers can t?‘ke The application opens the
pictures using camera to take a new picture. Success
the camera.
Users cannot
perform image A notification appears stating
analysis without that the user must select an Success
selecting an image first.
image.
Users can press
the maturity The application sends images
analysis button to the API and displays the Success
after selecting analysis results.
an image.
The application identifies
Users can view images, and the prediction
prediction results displayed include Success
results. banana type, category,
ripeness value, and prediction.
The prediction results are
The user presses deleted, and the application
the “reload” display returns to its initial
. Success
button after state before the analysis
analysis. (images and prediction results
are gone).
Thf;hlisirvlzfr;vesses The applicatior} displays a list Success
History” button. of analysis results.
Users take or A notification appears saying,
upload images “Sorry, the image you
other than uploaded is not a banana. Success
bananas. Please try again.”
Table 5. History page testing
Scenario Expected Results Conclusion
1:‘}16 user ,I,) resses the The application displays a
history” button if i .
R ist of analysis results Success
there is historical histo
data. -
Users press the
“view history” Displaying the message Success
button if there is no “No history available”.
history data.
A notification appears
The user deleted the  stating that “History data
Success

history list.

has been successfully
deleted.”




4.2 Load testing

Three scenarios were run in load testing. The first scenario
was conducted under light load conditions with 5 trials. The
second scenario was conducted under moderate load
conditions with 5 trials. The third scenario was conducted
under upper-bound load conditions with 5 trials.

4.2.1 Scenario 1

Scenario 1 was conducted under light load conditions with
5 trials and produced the following results. Figure 3 shows that
the throughput value fluctuates slightly with an upward trend
from 10.05 kB/s in the first test to 13.81 kB/s in the fifth test.
This indicates that the system is able to process user requests
more efficiently after several tests, signifying good server
stability in handling light loads.

Figure 4 shows that the error rate remained at 0%
throughout the testing, meaning that there were no delivery or
request failures during the process. This indicates that the
system ran stably without network disruptions or server errors
under light load conditions.

Meanwhile, Figure 5 shows response times varying between
6.103 ms and 9.015 ms. The highest value occurred in the
second test (9.015 ms), while the lowest was in the fourth test
(6.103 ms). Despite slight fluctuations, the overall response
time is still relatively fast and consistent, indicating that the
application performs well and does not experience a
significant decline in responding to user requests.
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From the results of this test, it can be concluded that under
a light load (25 users), the Ba-Nanas! application showed
stable performance with increased throughput, zero error rate,
and relatively low and consistent response times. This
indicates that the system is already optimized in handling a
limited number of users without experiencing disruptions or
performance degradation.

4.2.2 Scenario 2

Scenario 2 was conducted under moderate load conditions
with 5 trials. Figure 6 shows that throughput values increased
consistently from 10.05 kB/s in the first test to 13.81 kB/s in
the fifth test. This trend indicates that the application was still
able to process requests well, even though the number of users
doubled compared to the first scenario.
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Figure 6. Throughput at load testing the second scenario
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Figure 7. Error rate at load testing the second scenario
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Figure 7 shows that the error rate remained at 0%
throughout the testing, indicating no request failures or system
disruptions during the process. This indicates good server
stability in handling medium user loads.

Meanwhile, Figure 8 shows fluctuations in response time,
which tended to decrease from 17.304 ms in the first test to
10.528 ms in the fifth test. This decrease illustrates an increase
in system efficiency, possibly due to cache optimization and
connection management during repeated testing.

From the results of this test, it can be concluded that under
moderate load (50 users), the Ba-Nanas! application continues
to show stable performance with increased throughput, zero
error rate, and significantly reduced response time. These
results indicate that the system has good adaptability and
efficiency in handling an increase in the number of users
without a decline in performance, making it suitable for use in
operational conditions with moderate user load.

4.2.3 Scenario 3

The third scenario was conducted under upper-bound load
conditions with 5 trials. Figure 9 shows that the throughput
value fluctuated slightly but remained within a stable range,
between 11.65 kB/s and 13.01 kB/s. The lowest value occurred
in the fourth test (11.65 kB/s), while the highest value occurred
in the second test (13.01 kB/s). These fluctuations indicate that
the system is still capable of maintaining its data processing
capabilities even under high pressure.

Figure 10 shows that the error rate is generally at 0%, except
for the fourth test, which experienced a small increase of 1%.
This indicates that most requests were processed successfully,
and the errors that occurred were relatively minor and did not
interfere with the overall stability of the system.

Meanwhile, Figure 11 shows a significant increase in
response time, which peaked at 24.028 ms in the fourth test.
The lowest response time occurred in the second test (21.393
ms), and decreased again to 21.195 ms in the fifth test. This
pattern indicates that when the number of users reaches the
maximum limit, the system begins to show signs of resource
saturation, such as request queues and increased latency.

From the results of this test, it can be concluded that under
upper-bound load conditions (100 users), the Ba-Nanas
application can still operate with a fairly good level of
stability, although performance begins to decline compared to
light and medium loads. Throughput values remain relatively
stable, the error rate only increases marginally, but response
time shows a significant spike, indicating that the system is
beginning to reach its optimal capacity limit. Therefore, an
upgrade in server specifications or optimization on the back-
end is necessary to maintain performance when the number of
users increases substantially.
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Compared with similar mobile agricultural applications,
such as the Estimating Soil Properties app [27], the Campeche
Soils App [34], and mobile plant disease detection systems
[35], the Ba-Nanas! system demonstrates comparable
performance stability under moderate loads. However, unlike
those systems, Ba-Nanas! performs computationally intensive
CNN inference on image data, which results in slightly higher
latency during stress testing. This outcome highlights the
trade-off between model complexity and real-time
responsiveness in Al-based agricultural mobile applications.

4.3 Stress testing

In the stress testing scenario, only one scenario was used
with a capacity of 500 users, conducted with 5 trials. Figure 12
shows relatively stable throughput values in the first four tests,
ranging from 1,637 to 1,757 kB/s, but a sharp decline to 1,135
kB/s in the fifth test. This decline indicates that when the
system load reaches the saturation point, the application's
ability to process user requests decreases significantly due to
resource limitations.
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Figure 13 shows a high error rate throughout the tests,
starting at 59.40% and increasing to 81.40% in the fifth test.
This increase indicates that the heavier the system load, the
more requests fail to be processed. This condition indicates
significant system degradation when the maximum capacity of
the application is exceeded.

Meanwhile, Figure 14 shows very high response time
values, ranging from 73.183 ms to 110.862 ms. Response time
increased sharply in the first two tests, then decreased slightly
in the final test. These fluctuations indicate that the system
attempted to stabilize performance under pressure, but still
experienced significant delays compared to normal conditions.

The results of this stress testing confirm that the Ba-Nanas
application has a certain capacity limit in handling spikes in
demand. When the number of users or requests exceeds the
threshold, throughput decreases dramatically, the error rate
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increases significantly, and response time becomes very high.
This indicates that the system still needs to be optimized in
terms of server scalability, thread pool management, and API
efficiency in order to remain stable under extreme loads and
not experience performance degradation when facing high
traffic.

4.4 Compatibility testing

Compatibility testing was conducted to evaluate whether
the Ba-Nanas! application could operate properly across
devices with different hardware specifications, screen
resolutions, and Android versions. This evaluation also
examined interface responsiveness and layout consistency
across different screen sizes. The tested device specifications
are presented in Table 6.

Table 6. Testing device specifications

Device Screen Screen Screen  Android
Type Dimensions  Resolution Size Version
SamsungA 164 x 75.8 x 720 x 1600  IPS 6.5- 13
12 8.9 mm (HD+) inch
SamsungM 159 x 75.1 x 2340 x 1080 .
21 8.9 mm (FHD+) ~ O-4-nch 12
161.24 x
. 2400 x 1080 .
Vivo v21 74.3I7n;<n7.38 (FHD+) 6.44-inch 11

Note: HD+: High Definition Plus; FHD+: Full High Definition Plus; IPS: In-
Plane Switching.

The compatibility test results showed several visual
differences across devices due to variations in screen
resolution and aspect ratio. Nevertheless, the Ba-Nanas!
application remained functional on all tested devices without
crashes or major performance issues. These findings indicate
acceptable compatibility across the evaluated devices,
although further refinement is still needed to improve visual
consistency across different screen sizes.

5. CONCLUSION

This study developed and evaluated the Ba-Nanas!
application as a CNN-based mobile system for banana
ripeness classification. The performance evaluation showed
that the application functioned reliably under light to moderate
load conditions, whereas noticeable degradation occurred
under upper-bound and stress scenarios, reflecting limitations
in the current backend configuration. These findings indicate
that the application is suitable for small-scale deployment or
pilot use, but it still requires backend optimization and
scalability improvements before being applied in high-demand
environments. Thus, the present results should be viewed as
indicators of the system’s current operational limits rather than
as confirmation of production readiness.

Future improvements should focus on optimizing the CNN
model using lightweight deployment frameworks, enhancing
backend scalability through more capable cloud infrastructure,
and refining interface consistency across devices with
different screen resolutions. Further research should also
examine CNN classification accuracy under more diverse
imaging conditions to complement the system-level
performance evaluation reported in this study.
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