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Abstract
Context: In a software institute, a test team receives test requests
for mobile devices and handles them using automation tools, which
generate screenshots as evidence of the success or failure of the
test execution, but still need to be visually checked by a human
tester, a task that becomes gradually more costly as the amount of
test requests is increased. Objective: This work’s goal is to propose
the automation of the visual check using pre-trained Convolutional
Neural Networks (CNNs) with embedding extraction and cosine
similarity. Method: Four CNN architectures were employed from
the models MobileNetV2, EfficientNetB0, ResNet50V2 and Incep-
tionV3, which were all pre-trained with weights from the ImageNet
dataset, then tested with screenshots of 13 different applications
in a positive scenario, to check if the images are similar, and in a
negative scenario, to check if the images are different. Results: For
the positive scenario, InceptionV3 and ResNet50V2 achieved higher
similarity rates when compared to EfficientNetB0 andMobileNetV2,
although not by much; for the negative scenario, InceptionV3, Mo-
bileNetV2 and ResNet50V2 achieved variable results for identify-
ing differences, while EfficientNetB0 achieved the best result by
a wide margin. Conclusion: Among the analysed models, the Effi-
cientNetB0 model stood out in regards to performance, achieving
similarity rates more consistent with the expected results. For fu-
ture studies, it is suggested to apply this approach to other contexts
of test cases, or to try to improve it including a training step for the
models using a dataset built from real screenshots captured by the
test team.
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1 Introduction
Test automation is an essential component in software development,
specially for the validation of visual requirements in mobile devices
applications [5, 9, 12]. In this context, automation tools execute
test scripts and generate visual evidence such as screenshots that
display the equivalence of the device’s interface with the specified
requirements [1]. Techniques such as Visual GUI Testing (VGT)

employ image recognition to interact with the system’s visual layer,
offering flexibility and platform independence [2].

In a software institute, software tests are executed frequently by
a test team via automation tools, which take screenshots as visual
proof of the implementation of requirements. However, the test
process as a whole is only semi-automated, as while the tools exe-
cute the scripts and capture evidence [5], it is still necessary to have
a human tester analyse the screenshots to determine if the image
capture corresponds to the expected result. This dependence makes
the process costly, slow and prone to error, and these problems
become gradually bigger as the amount of test requests grows and,
consequently, the amount of screenshots that need to be manu-
ally inspected grows as well with each test cycle. The complete
automation of this validation step is, therefore, crucial to enhance
the efficiency and productivity of the development cycle.

In this work, we propose an approach that employs pre-trained
Convolutional Neural Networks (CNNs) [10] to automate the evalu-
ation of the visual similarity between a set of reference screenshots
and a set of screenshots obtained during test execution. When using
high level feature extraction techniques (embeddings), the system
compares the images’ vector representations to determine their
similarity level in an automated manner. This methodology is based
on transfer learning, applying four distinct CNN architectures (Effi-
cientNetB0 [13], InceptionV3 [15], MobileNetV2 [7], ResNet50V2
[8]) pre-trained on the ImageNet dataset [6] with the goal of identi-
fying which model offers the best performance, i.e., classification
effectiveness in the specific context of visual test automation for
mobile devices in the test team from the software institute.

The evaluation was performed via an experiment with screen-
shots from 13 mobile applications in two scenarios: (i) positive
scenario, in which the reference and test images match the same
screens, and (ii) negative scenario, in which the test images do not
match the reference images, but instead display the mobile device’s
home screen, to simulate the application not being correctly loaded.
Cosine similarity was adopted as the main metric, with a value of
0.93 being used as threshold to measure if the images are, in fact,
similar. We selected this threshold by design, reflecting a project-
driven decision and our confidence in the reliability of the resulting
classifications.
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We also applied statistical tests to check for significant differ-
ences among the models. Specifically, our hypothesis are:

• Null Hypothesis (H0): There is no significant difference
between the similarity scores for the models MobileNetV2,
EfficientNetB0, ResNet50V2 and InceptionV3 in both positive
and negative scenarios.

• Alternative Hypothesis (H1): There is a significant dif-
ference between the similarity scores for the models Mo-
bileNetV2, EfficientNetB0, ResNet50V2 and InceptionV3 in
both positive and negative scenarios.

Therefore, the main contributions of this study are: (i) a system-
atic comparison of four CNN architectures pre-trained for identify-
ing visual similarity in the context of test automation for mobile
devices; and (ii) a practical and reproducible approach to automate
visual validation, potentially reducing the need for human inter-
vention and speeding up the software development process.

2 Background
Convolutional Neural Networks have been applied in many works
to compare and classify images efficiently. Ahmed [1] demonstrated
that pre-trained CNNs, such as ResNet18 and ShuffleNetV2, signifi-
cantly improve methods based on pixel-by-pixel difference thresh-
old by detecting visual anomalies in rendering screenshots and by
learning hierarchical representations that capture everything from
edges and textures to high-level semantic patterns. Liu and Lee
[11] also employed CNNs to classify screenshots from malicious
websites, showing that visual analysis of images can overcome lim-
itations based on source code. The transfer learning technique en-
hances this approach by using pre-trained weights from big datasets
such as ImageNet [6], reducing the need for labeled data from a
specific domain and speeding up the model’s convergence [1]. The
evaluation of image similarity is, therefore, crucial for automating
visual tests, specifically in mobile devices, where small variations
such as anti-aliasing or color adjustment can affect results and their
interpretation as well [1].

3 Test Process
In the software test team in which this study was conducted, tests
are performed in mobile devices with the Android operational
system 1. Testers receive test requests which contain the necessary
information to setup the device that must be tested and a test cycle
composed of the test cases associated to the request. The test cases
included in the cycle vary depending on the scope of the test request,
and posses detailed instructions of what must be tested and of the
expected results for each test [5, 12].

Testers must provide evidence in screenshot format that the tests
were successfully finished or that bugs were found during testing.
If there are no bugs, the test request receives the "PASS" status, but
if there are bugs, the request receives the "FAIL" status and a bug
report must be written to describe the bug and the context in which
it was found [3, 4].

While the test process is usually performed manually, the test
team possesses a test automation tool used to make the process
more efficient, as it executes the test cases and collects evidence
automatically. However, the level of reliability of these tools, i.e.,

1https://www.android.com/

the correctness of the automated evaluation is not 100%, so it is
still necessary to have tester check the evidence collected by the
automation tools to determine if the test result was a success or if
a bug was found.

To reduce the amount of time and effort needed to check the
evidence collected by the automation tool, this work was developed
to compare the performance of different neural network models for
the task of identifying the similarity level of two distinct screen-
shots through the cosine similarity metric. To this end, a test case
was chosen in which the tester must open a selection of applica-
tions embedded on the device and check if the home screen of the
application is loaded successfully.

4 Pre-Trained Models for Android Screenshot
Validation

In this section we describe the step by step process of this work’s
methodology, from the choice of images that would be used to test
the models, to the selection of candidate models for testing and the
selection of metrics to evaluate the performance of these models.

4.1 Selecting Classes
Two classes of images were separated to measure the performance
of the models in two different scenarios, images of the positive
scenario and images of the negative scenario. In the positive sce-
nario the images display the home screen of the application loaded
successfully, while in the negative scenario the images display the
home screen of the mobile device, simulating the application not
being correctly loaded. 13 screens of 13 different applications were
captured to be used in this work.

4.2 Selecting Models
We decided to implement a solution based on CNN models, which
are capable of identifying increasingly complex features as the data
reaches the models’ deepest layers. The models chosen to evaluate
this study were:

• EfficientNetB0: Possesses an architecture with uniform
scaling via neural search. With 5.3 million parameters, its
efficiency is balanced, displaying a solid performance with
less resources [13].

• InceptionV3: Possesses an architecture of Inception mod-
ules and convolution factorization. With 42 million parame-
ters, it is able to capture fine details via multi-scale detection
[15].

• MobileNetV2: Possesses a 53-layer architecture, linear ex-
pansion modules and residual connections. With 3.4 million
parameters, it is a low complexity model, but of high speeds.
[7].

• ResNet50V2: Possesses a 50-layer architecture with resid-
ual blocks. With 25.6 million parameters, it achieves a high
accuracy level even for complex data [8].

We also employed the transfer learning technique using pre-
trained weights from the ImageNet dataset, which possesses 1.28
million images across 1000 classes. This way, it was possible to re-
duce the study’s costs, avoiding having to spend time and resources
on training the models from scratch, and making them capable

https://www.android.com/
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of generalization as the features learned via transfer learning are
applicable to the study’s scenario, which involves visual tests.

4.3 Selecting Metrics
For this study, two fundamental metrics were analysed:

• Cosine Similarity: Cosine similarity measures the angle
between two vectors, calculated using Equation 1. Its main
advantage is the robustness to variations of lighting and con-
trast, because pre-trained CNNs models normalize feature
vectors and computational efficiency for high-dimensional
vectors, such as outputs of intermediate layers of CNNs,
which is ideal for semantic comparisons, where the focus
is on the structural similarity of objects or patterns, not on
pixelated details.

𝐶𝑜𝑠𝑖𝑛𝑒𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = (𝐴 ∗ 𝐵)/( | |𝐴 | | ∗ | |𝐵 | | ) (1)
• SSIM - Structural Similarity Index: Structural similarity [14] combines

luminance, contrast and structure in sliding windows, calculated using Equa-
tion 2. Its main advantage is the higher correlation with human perception,
capturing slight differences in textures and edges, while its main challenge is
the costly processing for big images due to sliding windows and the sensibility
to local changes, which may generate false positive results in automated tests.

𝑆𝑆𝐼𝑀 (𝐴, 𝐵) = (2𝜇𝐴𝜇𝐵 +𝐶1 ) ∗ (2𝜎𝐴𝐵 +𝐶2 )/(𝜇2𝐴 + 𝜇2𝐵 +𝐶1 ) ∗ (𝜎2
𝐴 +𝜎2

𝐵 +𝐶2 ) (2)

Considering these two metrics, Cosine Similarity is preferred for
pre-trained CNNs, as the feature vectors already encapsulate seman-
tic abstractions, reducing the need for detailed spatial processing.
For more specific contexts, SSIM can be used as a complement for
cases in which perceptual precision is critical, but its computational
cost must be evaluated.

Therefore, Cosine Similarity was established as the main metric
to evaluate the similarity between two images. This metric quan-
tifies the cosine value of the angle between two different vectors
in a multidimensional space, varying from -1 being completely dif-
ferent and 1 being identical. The threshold value is 0.93, and if the
similarity score exceeds this threshold, the images are classified as
similar; otherwise, the images are considered different, as shown
in Figure 1.

5 Results
Each model was submitted to the task of validating the evidence
collected by the automation tool by comparing them to a set of
reference images, and the results obtained for each image were
used to calculate the median similarity score for both positive and
negative scenarios. This approach was chosen to avoid having the
real results being distorted due to outliers, and the specific scores
were organized in Table 1 and are also displayed in Figure 2.

Table 1: Experiment results for each CNN model

Model Name Positive Scenario Negative Scenario
EfficientNetB0 0.90 0.09
InceptionV3 0.95 0.67
MobileNetV2 0.85 0.38
ResNet50V2 0.97 0.75

The experiment showed that different CNN models had variable
performances for each scenario, with similarmedian scores between
them for the positive scenario, but with very different scores for
the negative scenario.

Figure 1: Image Similarity Calculation Process

Figure 2: Median similarity scores for each CNN model

In the positive scenario, it is expected that the models achieve
high similarity scores (close to 1), indicating a good capacity to
determine if the images are similar. For this scenario, the models
InceptionV3 and ResNet50V2 achieved the highest similarity scores,
exceeding the established threshold of 0.93, while EfficientNetB0’s
score did not exceed the threshold and MobileNetV2’s score was
lower than all of the others.

In the negative scenario, a low similarity rate (close to 0) is
desirable, indicating a good capacity to find differences among the
images. All the models had very distinct results, with InceptionV3,
MobileNetV2 and ResNet50V2 achieving high similarity scores,
while EfficientNetB0 achieved the similarity score closest to zero
among them.

To check which of the hypothesis (Null and Alternative) can be
confirmed, we performed the Shapiro-Wilk statistical test to check
the normality of the samples’ distribution, and it was verified that
they do not follow a normal distribution. Thus, we employed the
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non-parametric Friedman test considering a significance level of
0.05 to check if there is a significant difference between the models’
performance.

The results of the statistical tests indicate that we can refute
the Null Hypothesis (H0) and confirm the Alternative Hypothesis
(H1), therefore there is a significant difference in the similarity
scores among the MobileNetV2, EfficientNetB0, ResNet50V2 and
InceptionV3 models for both positive and negative scenarios. This
suggests the models have different behaviors when comparing
images from both scenarios.

Among the evaluated models, the one who stands out is Effi-
cientNetB0, for its reliability for negative scenarios compared to the
other models, its high similarity score for positive scenarios, and
its combination of an efficient architecture and consistent perfor-
mance. Its design optimized for resources makes it an ideal option
for tasks that require precision to identify similarities or differences,
specially in contexts where performance and scalability are priority.

6 Conclusions
In this study, we discussed the importance of test automation in
the context of a software test team from a software institute that
performs tests on mobile devices. To optimize the test process, the
team employs automation tools that are capable of executing the
test cases’ steps and automatically collect evidence of tests’ results,
needing only that the testers check the evidence to determine if
the tests were correctly performed and if their expected results
were achieved. However, due to the frequency with which the
team receives new test requests, the amount of evidence tends to
accumulate and the process of individually checking them becomes
costly and prone to error.

With the goal of reducing the test team’s workload, this study
aimed to evaluate the performance of 4 distinct CNN models pre-
trained on the ImageNet dataset for the task of comparing images,
in which they must check if the image captured by the automation
tool corresponds to the positive or the negative scenario of the test
case of opening all the applications embedded on the device. In the
positive scenario, the captured image must correspond to the home
screen of the loaded application, and in the negative scenario, the
captured image must correspond to the home screen of the device,
indicating that the app could not be opened.

Among the evaluated models - MobileNetV2, EfficientNetB0,
ResNet50V2 and InceptionV3 - it was noticed that they had vary-
ing performances depending on the scenario, with EfficientNetB0
standing out among them for displaying a better performance for
identifying differences in negative scenario, despite not having the
best result in the positive scenario.

For future studies, it would be interesting to evaluate the applica-
tion of this approach in a broader context, including more evidence
from different test cases instead of focusing on a single one, or to
try and improve this approach by training the models with real
images captured by the test team so the model under evaluation
learns to identify inconsistencies that can help it to determine if
the result of a test was a success or a failure.
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