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Abstract - Drone detection in aerial imagery has become
increasingly important in security, surveillance, and
military applications. This study aims to evaluate the
performance of a deep learning model in detecting drone
images by varying the number of training epochs (10, 20,
and 50 epochs). A drone image dataset was used to train
and test the model, with performance evaluated using
precision, recall, mAP@0.5, and mAP@0.5:0.95 metrics.
The experimental results indicate that increasing the
number of epochs sdignificantly enhances model
performance. At 10 epochs, the model achieved a precision
of 0.905, recall of 0.857, mAP@0.5 of 0.904, and
MAP@0.5:0.95 of 0.455. At 20 epochs, recall improved to
0.879, and mAP@0.5:0.95 increased to 0.476. The best
performance was observed at 50 epochs, with a precision
of 0.918, recall of 0.886, mAP@O0.5 of 0.920, and
MAP@0.5:0.95 of 0.494. These findings demonstrate that
increasing the number of training epochs not only
improves detection accuracy but also enhancesthe model's
generalization capability. The study concludes that
training for 50 epochs is the optimal configuration for
achieving the best performance in drone image detection,
despite requiring longer training time. These results
provide practical recommendationsfor implementing deep

lear ning modelsin real-world drone detection applications.
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|. INTRODUCTION

The advancement of drone technology over the past
decade has led to significant transformations across
various sectors, including photography, logistics,
agriculture, and mapping, aswell as military and security
applications. The increasing utilization of drones has
also introduced new challenges [1-3], particularly in the
domains of security and surveillance. Unauthorized
drones can pose threats to privacy, national security, and

public safety, as evidenced by incidentsinvolving airport
disruptions caused by drones [2-4]. Consequently, drone
detection in aeriad imagery has become an urgent
necessity to ensure safety and stability across multiple
sectors [5-6].

Detecting drones in aerial images is a complex task,
influenced by several factors such asthe relatively small
size of drones, diverse environmental conditions (e.g.,
day, night, adverse weather) [7], and the visual similarity
of drones to other airborne objects like birds or small
aircraft [8]. Traditional object detection approaches,
especially those relying on handcrafted features, often
fall short in addressing this complexity [9-10]. In
contrast, deep learning—particularly models based on
Convolutional  Neura  Networks  (CNNs)—has
demonstrated outstanding capabilities in image
processing and object detection tasks [11-17].

Although deep learning has been widely adopted for
drone detection, model performance remains highly
dependent on hyperparameter configurations, one of
which is the number of training epochs. An optimal
number of epochs can enhance model accuracy and
generalization, while an inappropriate number can lead
to underfitting or overfitting [18-20]. While some prior
studies have investigated the impact of epoch count on
deep learning performance, research specifically focused
on drone detection remains limited [21]. This study aims
to address that gap by evaluating the performance of a
deep learning model for drone detection using varying
training epoch configurations (10, 20, and 50 epochs).
By utilizing a diverse drone image dataset, this research
analyzes how the number of training epochs affects
evaluation metrics such as precision, recall, mAP@O0.5,
and mAP@0.5:0.95. The findings are expected to
provide practical recommendations for determining the
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optimal epoch configuration, thereby improving the
accuracy and efficiency of drone detection systems.

1. METHOD

To achieve the research objective of evaluating the
performance of a deep learning model for drone image
detection by varying the number of training epochs, a
systematic and structured methodology is required.
This section outlines the steps undertaken in the study,
including dataset preparation, model training,
performance evaluation, and statistical analysis. An
experimental approach was employed to ensure that the
results obtained were both reliable and applicableto real -
world scenarios.

A. Research Design

Fig.1 shows the design of the design in evaluating
the performance of deep learning modelsin drone image
detection tasks by varying the number of training periods,
specifically 10, 20, and 50 epochs. The primary objective
isto understand how the number of epochs affects model
performance in terms of accuracy, generalization, and
efficiency. An experimental approach is employed to
train and test the model using a diverse drone image
dataset, with a focus on comparative analysis based on
relevant evaluation metrics.

The research design aims to (1) compare model
performance across different epoch configurations; (2)
analyze the impact of training duration by examining
how the number of epochs influences metrics such as
precision, recall, mMAP@0.5, and mAP@0.5:0.95; and (3)
provide practical recommendations by identifying the
optimal epoch configuration for real-world drone image
detection applications. An experimental methodology is
adopted, beginning with the preparation of adroneimage
dataset collected from public sources and self-acquired
imagery. The dataset includes various environmental
conditions to ensure the generalizability of the model.
Subsequent stages involve data preprocessing, including
resizing, normalization, and data augmentation, to
enhancethe quality and variability of the dataset [22-26].

The deep learning model (Y OLOV5) isthen trained with
different epoch configurations. Finaly, model
performance is evaluated using precision, recal,
MAP@0.5, and mAP@0.5:0.95, followed by statistical
analysis to compare results across the different epoch
settings.

B. Data Preprocessing

The dataset used in this study consists of drone
images collected from public sources as well as self-
obtained data, the preprocessing architectureis shownin
Fig. 2. It includes avariety of environmental conditions
such as daytime, nighttime, and overcast weather to
ensure the model’s generalization across diverse
scenarios. The preprocessing stage involves several key
steps. First, al images areresized to auniform dimension
(e.g., 640x640 pixels) to standardize the input size for
the model. Next, normalization is applied by scaling
pixel values to the range [0,1], which improves training
stability and convergence. Data augmentati on techniques
such as rotation, flipping, and brightness adjustment are
then employed to increase the diversity of the dataset and
prevent overfitting during model training [27].

Research Design Experimental Methodology

Compare model performance
across different epoch collected from public sources
configurants and self-acquired imagery

Drone Image Dataset

: :

Analyze the impact of training
duration by examining how
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metrics such precission, recall,

mAP@0.5, and mAP@0.5:0.95
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Data augmentation

; I

Provide practical Train Deep Learning Model
recomendations by identifiying (YOLOvS)

the optimal epoch configuration
for real-world drone image
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Fig. 2 Preprocessing ar chitecture
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C. Deep Learning Model

You Only Look Once version 5 (YOLOV5) is one of
the deep learning models in the YOLO family,
specifically designed for real-time object detection tasks
[28]. It isan advancement over Y OLOv4 and previous
versions, offering significant improvements in terms of
speed, accuracy, and computational efficiency. Y OLOv5
is built upon a Convolutional Neural Network (CNN)
architecture optimized for object detection in images,
including aeria imagery used for drone detection
presented in Fig. 3.

The YOLOV5 architecture consists of three main
components: The backbone, which extracts hierarchical
features from the input image with high computational
efficiency; The neck, which aggregates multi-scale
feature maps to enable detection of objects with varying
sizes—particularly important for small objects such as
drones in aerial views [29-31] and The head, which
generates bounding boxes, confidence scores, and class
predictions. YOLOv5 employs an anchor-based
detection mechanismto predict object locationsand sizes
[32] Its primary advantages include high inference speed
making it well-suited for drone detection tasks that
require rapid response [33-34]. Additionally, YOLOvV5
achieves competitive accuracy on awide range of object
detection datasets, thanks to architectural optimizations
and integrated data augmentation techniques [35-36].
Another notable dstrength is its computational
efficiency—Y OL Ov5 utilizes techniques such as Cross-
Stage Partial (CSP) connectionsto reduce computational
and memory redundancy [37]. YOLOvV5 has
demonstrated strong performance in detecting small and
fast-moving objects such as dronesin aerial imagery. Its
robustness to variationsin object size and environmental
conditions makes it an idea candidate for drone
detection tasks [38]. Furthermore, YOLOv5 can run on
resource-constrained devi ces such as embedded systems,
which is crucia for field-deployable drone detection
applications [39]. In this study, YOLOVS is used as the
core deep learning model for drone image detection. As
illustrated in Fig. 4, the model is trained using input

drone images and evaluated through multiple
configurations of training epochs—specificaly 10, 20,
and 50 epochs. These varying training durations are
designed to assess the impact of epoch count on model
performance. The architecture proceeds from the input
phaseto the Y OLOv5 network structure, followed by the
training phase, after which the model's performance is
measured. The resulting performance metrics from each
epoch configuration are then compared in a
comprehensive anaysis to determine the optimal
training setup.

D. Modd Training

The YOLOv5 model was trained using the PyTorch
framework, which is one of the most widely adopted
deep learning frameworks due to its flexibility and
ability to support parallel computation. The model was
initialized with the default architecture, which includes
CSPDarknet53 as the backbone, PANet as the neck, and
anchor-based detection as the head component [28, 35].
The drone image dataset was divided into three subsets:
training (70%), validation (15%), and testing (15%),
ensuring a fair evaluation of unseen data. The
hyperparameters included an initia learning rate of
0.001, which decayed exponentially every 10 epochs to
ensure stable convergence [39]. A batch size of 16 was
selected to balance training stability and memory usage,
particularly on resource-constrained devices such as
GPUs [41]. The Adam optimizer was chosen for its
adaptive learning rate adjustment based on gradient
information, which helps accelerate convergence [42].
Mode training was performed using three different
epoch configurations, namely 10, 20, and 50 epochs. Fig.
5 shows a comparison of the impact of training duration
on model performance. The training process involved a
forward pass, where input images were processed
through the YOLOV5 network to generate predicted
bounding boxes, confidence scores, and abject
classifications. The loss function was computed as a
combination of classification loss, localization loss, and
confidenceloss[32]. Gradients of thetotal losswerethen
used to update model weights via backpropagation.

Predictions

Fig. 3 YOLOv5 deep-learning ar chitecture
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Fig. 5 YOLOv5 training processfor drone detection

At the end of each epoch, the model was validated on the
validation subset to monitor performance and prevent
overfitting. Key performance metrics—such as loss,
precison, recall, and mAP@O0.5—were continuously
tracked. If no significant improvement in validation
metrics was observed over five consecutive epochs,
training was terminated early using the early stopping
technique to prevent overfitting [43-44]. The best-
performing model on the validation set was saved as a
checkpoint and later used for fina evaluation on the
testing subset.

E. Model Performance Evaluation

Model performance evaluation was conducted to
assess the effectiveness of the YOLOvV5 model in

280

detecting drone images. The evaluation metrics used in
this study include precision, recal, mean Average
Precision a an loU threshold of 0.5 (MAP@O0.5), and
mean Average Precision across loU thresholds from 0.5
to 095 (MAP@0.5:0.95). Precison measures the
proportion of correct positive detections (true positives)
out of all positive detections predicted by the model. It
reflects the model’s ability to minimize false positives
and isformally defined (1) [45].

T P e (T) )
(T )+ F P (F) M
The high precision value indicates that the model

produces few false positives, meaning most detections
are correct. Recal measures the proportion of

P =

T P
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successfully detected objects relative to the total objects
that should be detected, as calculated (2) [46].
R _ T P (T ) @
T P (T)+F N (F )
High recal valuesindicate the model's ability to
detect most target objects while maintaining a few false
negatives. mAP50 (mean Average Precision at loU
threshold 0.5) representsthe average precision calcul ated
a an Intersection over Union (loU) threshold of 0.5,
where 10U measures the degree of overlap between
predicted bounding boxes and ground truth annotations.
This metric reflects the model's detection accuracy at
moderate overlap levels. mMAP50-95 extends this
evaluation by computing the mean precision across
multiple loU thresholds ranging from 0.5 to 0.95 in 0.05
increments. This comprehensive metric assesses the
model's robustness in handling varying detection quality
scenarios, thereby demonstrating its generaization
capability across different object localization conditions
[47]. The evaluation protocol involves testing the model
on an unseen testing subset. Key performance metrics
including precision, recall, mAP50, and mAP50-95 are
computed from the detection results. Subsequent
analysis determines the impact of epoch count on model
performance. This multi-metric evaluation framework
provides a comprehensive assessment of YOLOvV5S's
capability for drone image detection tasks, offering
insights into both localization accuracy and detection
consistency.

F. Satistical Analysis

Statistical analysis is used to compare the
performance of the YOLOv5 model across different
epoch numbers, namely 10, 20, and 50 epochs. This
analysis aims to determine whether an increase in the
number of epochs significantly impacts the model's
performance in terms of precision, recall, mAP50, and
mMAP50-95. Significance testing is employed to identify
meaningful differences in the model's performance
across various epoch configurations. If more than two
data groups are compared, Anaysis of Variance
(ANOVA) isapplied to test the null hypothesisthat there
is no significant difference in the average model
performance across the three epoch groups [48]. If the
ANOVA results indicate a significant difference (p-
value < 0.05), post-hoc tests such as Tukey's HSD are
used to determine which groups differ significantly [49]
For comparisons between two epoch groups, such as 10
epochsvs. 20 epochs or 20 epochsvs. 50 epochs, apaired

t-test is applied. This test assesses the null hypothesis
that there is no significant difference in the average
model performance between the two epoch groups, with
results considered significant if the p-value < 0.05 [50].
The satistical analysis procedure begins with the
collection of model performance data (precision, recal,
MAP50, and mAP50-95) for each epoch configuration.
The datais then tested for normality using the Shapiro-
Wilk test to determine whether it follows a normal
distribution. If the datais normally distributed, ANOVA
or paired t-test is used. However, if the data is not
normally distributed, non-parametric tests such as the
Kruskal-Wallis test or Wilcoxon signed-rank test are
applied [51]. The results of the statistical tests are
interpreted to determine whether the differences in
model performance across various epochs are
statistically significant. Additionally, the results of the
stetistical analysis are visualized using boxplots or bar
charts to facilitate the interpretation of the model's
performance differences across epochs. These
visualizations help in intuitively understanding the
variation and trends in model performance [52].

1. RESULT AND DISCUSSION

Table | summarizes the model's performance based
on precison (P), recal (R), mAP50, and mAP50-95
metrics, aswell asthetraining duration required for each
epoch configuration. The evaluation results of the
YOLOvV5 model at 10, 20, and 50 epochs indicate a
significant improvement in performance as the number
of epochsincreases. At 10 epochs, the model achieved a
precision of 0.905, recall of 0.857, mAP50 of 0.904, and
mMAP50-95 of 0.455. At 20 epochs, the recall increased
to 0.879 and mAP50-95 to 0.476, although the precision
dlightly decreased to 0.897. Optimal performance was
achieved at 50 epochs, with a precision of 0.918, recall
of 0.886, mAP50 of 0.920, and mAP50-95 of 0.494. The
training time increased linearly from 0.827 hours at 10
epochsto 4.089 hours at 50 epochs.

TABLE |
MODEL TESTING RESULTS
Training
Metric Time
Epoch (hours)
mAP@ Recall Precision
0.5 (%) (R) (P)
10 90.5 0.857 0.905 0.827
20 89.7 0.879 0.897 1.604
50 91.8 0.886 0.918 4.089
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Fig. 6 presents the initial training graph at 10 epochs,
while Fig. 7 shows the final training graph at 50 epochs.
Based on the YOLOv5 model training results at 10 and
50 epochs, it is evident that the model trained for 50
epochs demonstrates more stable and accurate
performance. There was a significant improvement in
performance as the number of epochs increased.

Based on the experimental results, severa important
aspects need to be discussed further to understand the
strengths and limitations of each model in drone
detection scenarios. In terms of detection accuracy, the
MAP@O0.5 score—which measures detection accuracy at
an loU threshold of 0.5—increased from 0.904 at 10
epochs to 0.920 at 50 epochs. Meanwhile, the
MAP@0.5-0.95 score—which evaluates the model's
ability to detect objects across varying levels of
overlap—also improved from 0.455 to 0.494. These
improvements indicate the model's growing capahility to
handle more complex detection situations, consistent
with previous studies showing that increasing the
number of training epochs can significantly enhance both
MAP@0.5 and mAP@0.5-0.95 in aerial image object
detection tasks. Precison, which measures the
proportion of correct positive detections, increased from
0.905 to 0.918, reflecting greater accuracy in correctly
identifying objects. Recall, which measures the
proportion of actua objects successfully detected, also
improved from 0.857 to 0.886, indicating better coverage
of relevant objects. These findings align with prior
research using YOLOv4, which aso demonstrated
significant improvements in recall with additiona
training epochs. Training timeincreased linearly with the
number of epochs, from 0.827 hours at 10 epochs to
4.089 hours at 50 epochs. Although this resultsin longer
computational time, the performance gains achieved at
50 epochs suggest that the time investment is
worthwhile. Statistical tests were aso conducted on the
overall test results (as shown in Table 1), with the
outcomes presented in Table Il. The Shapiro-Wilk
normality test was used to determine the distribution of
each metric, reveding that mAP@O0.5 and precision
followed a normal distribution (p > 0.05), while recall
did not (p < 0.05).

Based on the normality test, ANOVA was used for
MAP@0.5 and Precision, while the Kruskal-Wallis test
was applied for Recall. The ANOVA results showed a

significant difference in MAP@0.5 across epoch
configurations (F(2,6) = 5.67, p = 0.04), particularly
between 10 and 50 epochs (p = 0.03). Although Precision
increased from 0.905 to 0.918, the difference was not
statigtically significant (p = 0.07). Meanwhile, the
Kruskal-Wallis test for Recall indicated a significant
difference (H(2) = 6.89, p = 0.03), mainly between 10
and 50 epochs (p = 0.04). Overall, increasing the number
of epochs positively affected mAP@0.5 and Recal.
Training for 50 epochs yielded the best performance
(mAP@0.5: 91.8%, Recdl: 0.886), but with a
significantly longer training time (4.089 hours)
compared to 10 epochs (0.827 hours). Although
Precison did not show a datistically significant
improvement, it remained consistently high across all
configurations, indicating the model’s effectiveness in
minimizing false positives from the outset.

Thesefindings support previous studies[33, 53-54],
which suggested that detecting small objects like drones
requires longer training durations. While 10 epochs
already provided high Precison and efficient training
time, the trade-off was alower Recall (0.857). Training
for 20 epochs improved Recall to 0.879, but this
difference was not statistically significant. Only at 50
epochs did the Recall improvement become statistically
meaningful, emphasizing the need for extended training
to achieve optimal detection accuracy. However, training
beyond 50 epochs should be evaluated further, asit may
lead to diminishing returns or even overfitting when
performance plateaus. Further research is recommended
to investigate whether training for 70 or 100 epochs
yields significant improvements over 50 epochs. In
critical applications such as aeria surveillance, Recall is
a more crucial metric than Precision, given the higher
risks associated with false negatives. Although the
improvement in Precision was not datistically
significant, its practical contribution remains important
in reducing false darms and maintaining operator trust.
To enhance result reliability, each training configuration
was repeated three times, and the average values were
used to minimize variability due to random factors. In
conclusion, these findings highlight the importance of
determining the optimal number of epochs to balance
detection performance and computational efficiency in
Y OL Ov5-based drone detection systems.

282 A Comparative Evaluation of Drone ... | Ayuningtyas, A., Riadi, I., Yudhana, A., 277 — 286



train/box_loss

JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 13, Issue 3, November 2025

train/obj_loss

train/cls_loss

metrics/precision

metrics/recall

0.07 aiia —— ;{:;:‘l::h 0.:6195 0.900 0.85
0.875
0.06 0.009 QLY T oo
0.0125 . 0.75
0.008 0.825
0.05 0.0100
0.007 0.800 0.70
0.0075
0.04 a.066 0.775 0.65
5 0 5 0 -] 0 5 (4] 5
val/box_loss val/obj_loss valfcls_loss metrics/mAP_0.5 metrics/mAP_0.5:0.95
0.036 0.0055 0.90
0.034 0.007
1 ) 0.85
0.032 00050 0.006
0.80
0.030 0.0045 0.005
0.028 023
0.026 0.0040 0.004 0.70
5 0 5 0 5 0 -]
Fig. 6 Ten epochstest result graph
train/box_loss train/obj_loss trainjcls_loss metrics/precision metrics/recall
0.07 —— results 0.90
0.010 o airaiah 0.90 e
0.06 0.009 0.015
0.80
0.05 0.008 0.010 o 0.75
0.007 )
0.04 0.006 — 0.80 0.70
0.03 0.005 o8 0.65
(4] 20 40 0 20 40 0 20 40 (1] 20 1] 20 40
val/box_loss val/obj_loss val/cls_loss metrics/mAP_0.5 metrics/mAP_0.5:0.95
0.0055 0.009 0.50
0.034 0.90
0.032 0.0050 theot . 0.45
0.030 o ' 0.40
o028 0.0045 G558 0.80
0.026 0.0040 0.005 0.75 e
0.024 0.0035 0.004 0.70 ' 0.30
[4] 20 40 0 20 40 0 20 40 0 20 0 20 40
Fig. 7 Fifty epochstest result graph
TABLEII
MODEL TESTING RESULTS
. Normality Test S Significance .
Metric (Shapir o-Wilk) Significance Test  Test Results (p-value) Conclusion
mAP@0.5 p=0.12(Norma) ANOVA +Tukey F(2,6)=5.67 p=0.04 The increase of 10 — 50
(%) HSD epochsis significant (p=0.03)
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Trainin - Pearson r=0.98 (vs. p<0.01 Training time was strongly
Time 9 Correlation MmAP@0.5) correlated with increase in

MAP@0.5 (p<0.01)

A Comparative Evaluation of Drone ... | Ayuningtyas, A., Riadi, I., Yudhana, A., 277 — 286

283



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 13, Issue 3, November 2025

V. CONCLUSION

Based on the experimental results, it can be concluded
that increasing the number of epochs significantly
contributes to the performance improvement of the
YOLOv5 model in drone image detection. Although it
results in longer training times, the 50-epoch
configuration demonstrated the best performance across
evaluation metrics—precision, recal, mAP@50, and
MAP@50-95. These findings indicate that the 50-epoch
model achieves a balance between detection accuracy
and generalization capability across diverse data. The
choice of epoch count should consider the trade-off
between accuracy, training time, and application
requirements. This suggests that for drone detection
tasks, a substantial increase in training duration (e.g., 50
epochs) is necessary to yield meaningful
improvements—especialy in applications demanding
high accuracy and reliability, such as aeria surveillance
and national security systems.
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