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ABSTRACT

Artificial Intelligence (AI), particularly deep learning models, plays a pivotal role in tasks such as face
detection and gender classification. This study aims to enhance the performance of computer vision
systems by developing a hybrid model that integrates YOLOv9 with a modified version of ResNet50,
addressing the common trade-off between accuracy and inference speed found in traditional approaches.
To achieve this, a custom dataset was collected from real-world conditions within a university campus,
testing the performance of multiple You Only Look Once (YOLO) models and Convolutional Neural
Network (CNN) architectures. Experimental results revealed that YOLOV9 achieved the highest inference
speed of 332 ms/image at 3.00 Frames Per Second (FPS), while ResNet50 demonstrated superior accuracy
in gender classification as a two-stage detection model, albeit with slower performance. To resolve this
trade-off, ResNet50 was modified for both speed and accuracy, and then structurally embedded into the
YOLOVY framework. Specifically, the Cross Stage Partial Network (CSPNet) and Efficient Layer
Aggregation Network (ELAN) layers of YOLOV9 were replaced with modified ResNet50 feature
extractors, while the Global Local Attention Network (GLAN) layer was retained to preserve effective
feature fusion. This integration significantly improved both facial and object detection performance. The
proposed hybrid model outperformed individual models, achieving a peak mean Average Precision (mAP)
of 97.2%, with 97 % precision, 93.4% recall, and an inference speed of 103.89 ms/image (9.62 FPS). These
results demonstrate that the proposed model effectively balances accuracy and speed, making it highly
suitable for real-time applications such as smart surveillance and security systems.
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I.  INTRODUCTION

come at the expense of accuracy [5, 6]. Moreover, real-world

Over the past two decades, Artificial Intelligence (AI) has
achieved remarkable progress, with deep learning emerging as
the driving force behind advances in computer vision [1, 2]. A
persistent challenge, however, is balancing inference speed and
accuracy in real-time detection tasks.

Single-stage detectors such as You Only Look Once
(YOLO) are widely adopted for their ability to perform real-
time detection, but they often compromise precision [3, 4].
Even the most recent YOLOV9 achieves higher inference speed
through optimized processing, though this improvement may

conditions such as variable lighting, diverse facial expressions,
and background clutter further complicate detection tasks,
reducing overall reliability [7-9].

Several approaches have been proposed in the literature to
overcome these challenges. For instance, the Single Shot
MultiBox Detector (SSMD) achieves a trade-off between speed
and accuracy by performing classification and localization
within the same network [10-12]. Two-stage detectors,
including Region-based Convolutional Neural Network (R-
CNN) and its variants such as Fast and Faster R-CNN, deliver
higher accuracy by generating region proposals followed by
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feature extraction and classification, but they incur substantial
computational costs [13-16]. Additionally, ResNet50 has been
particularly influential due to its residual connections, which
address the vanishing gradient problem and enable deeper
feature extraction [17]. It has been successfully applied in
practical contexts such as face mask detection [18, 19], and
gender classification [20, 21], demonstrating strong accuracy
but often with slower inference speed.

To improve efficiency, lightweight CNNs such as
MobileNetV2 [22, 23], DenseNetl121 [24, 25], EfficientNetBO
[26, 27], and MobileNetV3 [28] were introduced. While these
models improve inference time, they often struggle to maintain
robust accuracy under complex real-world conditions. More
recently, researchers have enhanced YOLO-based frameworks
with tailored modules; for example, integrating ResNet50 with
focal loss to improve small-object detection without major
speed loss [29], further underscoring the ongoing efforts to
balance accuracy and efficiency.

In this study, we propose a hybrid framework that
combines the real-time detection capability of YOLOV9 [30—
34] with the classification accuracy of a structurally modified
ResNet50. YOLOV9 was selected for its optimized one-stage
detection pipeline, while ResNet50 was modified and
embedded to strengthen fine-grained feature extraction for
gender classification. Unlike prior works that evaluated YOLO,
SSD, or CNNs in isolation [35-37], our approach integrates
both paradigms into a unified model to address the fundamental
speed—accuracy trade-off. Experimental results on a locally
collected dataset demonstrated significant improvements in
mean Average Precision (mAP), precision, and recall, while
maintaining competitive inference speed. These findings
confirm the effectiveness of combining YOLOvV9 with a
modified ResNet50, making the proposed framework well-
suited for real-time applications such as smart surveillance,
gender-aware analytics, and security monitoring [38, 39]

II. DATA COLLECTION

The dataset for this study was collected locally from
students at the University of Babylon using a smartphone
camera, with deliberate consideration of realistic imaging
conditions such as variable lighting and diverse facial angles.
The dataset contains two classes (male and female) spanning
different age groups, and also incorporates partial occlusions to
simulate real-world detection challenges. No public or external
datasets were used. Explicit informed consent was obtained
from all individuals appearing in the images.

III. METHODOLOGY

A. Data Processing

The raw dataset used in this study comprised 140 high-
definition facial images, including 72 male and 68 female
subjects. To address the limited dataset size and improve model
robustness, data augmentation was performed using the
Roboflow platform. To simulate real-world variability,
advanced augmentation techniques were applied, including
horizontal and vertical flipping, rotational adjustments (+15°),
random cropping, color shifts (£25%), brightness variations
(£25%), and Gaussian blurring (kernel size < 2.5 pixels). These

transformations were carefully selected to mimic natural
variations in lighting, pose, and image quality, thereby
enhancing model generalization. Also, these transformations
expanded the dataset from 140 to 980 images while preserving
the original male-to-female ratio. The augmented dataset was
randomly split into 784 images (80%) for training and 196
images (20%) for wvalidation, ensuring balanced gender
representation across subsets. Additionally, an independent test
set of 361 images (191 male and 170 female) was reserved
exclusively for final evaluation, providing an unbiased
benchmark of real-world model performance.

Prior to training, all images were resized to 640 x 640
pixels to match the YOLOV9 input layer, converted to
grayscale to emphasize structural facial information, and
normalized to the [0,1] range for stable gradient flow. The
resolution of 640 x 640 was selected because it represents the
default input dimension of YOLOV9, ensuring compatibility
with its detection pipeline and preserving the balance between
accuracy and computational efficiency.

B. Modified ResNet50 Model

ResNet50 was adopted as the baseline due to its proven
feature extraction capability through residual connections. The
architecture employed is presented in Figure 1.

ResNet50 Model Architecture
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Fig. 1. ResNet50 architecture model.

To tailor ResNet50 for binary gender classification and
improve efficiency, several modifications were introduced:

e Activation function: The Rectified Linear Unit (ReLU)
activation function was emphasized within the internal
convolutional layers to improve gradient stability,
accelerate convergence, and mitigate the vanishing gradient
problem [40, 41]:

ReLU(x) = max (0, x) (1)

e Global Average Pooling (GAP): A GAP layer was inserted
after the convolutional stages to reduce the spatial
dimensions of the extracted feature maps. GAP also
minimizes parameter count and memory usage while
improving generalization by averaging across the feature
maps [42, 43], based on (2):

Fpooled = ﬁ ?:1'2?/:1' Fl’,j (2)
where Fjo,1¢q 18 the value of the features at the position, H
and W represents the height and width of the pooling
window, and F;; is the input feature within the pooling
window.
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e Fully Connected (FC) Layer: The original 1000-class
ImageNet FC layer was replaced with a Dense(l) layer
followed by a Sigmoid activation, aligning the network
with the binary classification task and enabling interpretable
probability outputs.

e Transfer learning: The weights of the core convolutional
layers were frozen to retain pretrained knowledge while
fine-tuning only the newly added layers. This strategy
accelerated convergence, preserved the integrity of the
learned low-level features, and improved adaptability to the
gender classification task.

Through these modifications, the ResNet50 backbone was
transformed into a lightweight yet powerful feature extractor
with the modified architecture shown in Figure 2.
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Fig. 2. Proposed modified ResNet50 architecture model.

C. Proposed Model

The proposed architecture extends the original YOLOV9
framework by integrating a modified ResNet50 backbone, an
enhanced Bidirectional Feature Pyramid Network (BiFPN) +
Global-Local Attention Network (GLAN) neck, and a dual-task
head for simultaneous face detection and gender classification.
The complete workflow of the model is illustrated in Figure 3.

The default Cross-Stage Partial Network (CSPNet) and
Efficient Layer Aggregation Network (ELAN) modules in
YOLOVY [44] were replaced with ResNet50, which extracts
hierarchical features using residual connections. Input images
(640 x 640) were internally resized to 224 x 224 for ResNet50.
To harmonize the feature dimensions across scales (P3, P4,
P5), Conv2D (I1x1) layers are introduced, normalizing the
number of channels to 256. This step reduces computational
cost without affecting spatial information and ensures
compatibility with the subsequent BiFPN stage. Furthermore, a
GAP layer is applied after the deepest stage (P5) to minimize
the number of parameters and improve generalization.

The default YOLOvV9 neck combines FPN and Path
Aggregation Network (PANet) for multi-scale feature fusion.
However, this configuration suffers from redundancy and lacks
adaptive weighting. In the proposed model, the BiFPN replaces
the conventional neck, allowing efficient bidirectional flow of
information between scales. To further refine multi-scale
fusion, weighted feature fusion is introduced, assigning
learnable weights to input features, thereby prioritizing the
most informative signals. Additionally, a GLAN is embedded
after BiFPN to emphasize salient facial regions while
suppressing irrelevant background features. BiIFPN and GLAN

modules reconstructed hierarchical multi-scale feature maps
(P3, P4, PS) with spatial resolutions of 80 x 80, 40 x 40, and 20
x 20, ensuring robust multi-scale detection. A final Conv2D
(I1x1) layer follows GLAN, ensuring consistent feature
dimensionality before passing features to the detection head.
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Fig. 3. The design of the proposed improved YOLOV9- modified

Resnet50.

The YOLOV9 head is designed for multi-scale detection at
P3, P4, and P5, generating bounding boxes, objectness scores,
and class probabilities. While this structure performs well for
general object detection, it lacks the flexibility required for
binary classification tasks such as gender recognition. In the
proposed model, the head is extended with a parallel
classification branch. Features aggregated from the multi-scale
levels are concatenated and passed through a Dense (1) layer
with a Sigmoid activation function, producing binary
probabilities (male/female). The Sigmoid function is chosen
over Softmax due to the binary nature of the task, enabling
interpretable probability scores. Furthermore, the auxiliary
head present in the original YOLOV9 is removed, as the
enhanced backbone and neck already provide sufficiently
strong features. This adjustment improves computational
efficiency and inference speed without sacrificing accuracy.
The hybrid model is mathematically represented as:

9 = 0(froro (%, 0voL0)) 3)
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where x is the input image, Oy are network weights, fyoro
is the function representing the operations inside the network
(such as convolutions, pooling, and other layers), and o is the
Sigmoid activation.

For ResNet50 residual blocks: [45, 46]:
1 = fi(x,wy) +xq 4

where y; is the output of the residual block, f; is the function
representing the operations within the residual block (such as
convolution, batch normalization, and activation), x; is the
input to the residual block, and w; are the weights associated
with the operations in the residual block. In a residual block,
the input x; is added to the output of the function f; (xq, w;).
This addition is known as a "skip connection" or "shortcut
connection,” and it helps to mitigate the vanishing gradient
problem by allowing gradients to flow more easily through the
network during training.

When the integration of ResNet50 with YOLOV9 replaces
the original backbone, it increases the ability to extract
complex features more accurately. The modified equation after
combining the two algorithms is as follows:

j/\final =
o (fy0L0v9gender(BiFPN((RE'SNetSO(xF Oresnet )

; Oirpn ); 9Y0L0v9/gender)) 5)

where  Jring is the final predicted output, which is the
probability  distribution over the possible classes,
ByoLove/gender TEPTEsents the parameters of the YOLO head
for gender classification, ResNet50(x) extracts deep features
from the input image, BiFPN performs weighted and precise
multi-scale feature fusion across different levels, and
Oresner Tepresents the parameters of ResNet50 (feature
extractor).

D. Training and Testing Setup

The experiments were conducted in Google Colab using an
NVIDIA Tesla T4 Graphics Processing Unit (GPU). The model

was implemented in PyTorch (v2.0.1) with auxiliary use of
TensorFlow and OpenCV for preprocessing. Training was run
for 300 epochs with a batch size of 16, while the initial learning
rate was set to 0.001 and adjusted dynamically using the
ReduceLLROnPlateau scheduler, which decreased the rate when
the validation loss plateaued, thereby stabilizing training and
reducing overfitting risk.

IV. EVALUATION METRICS

The performance of the models in this study was quantified
using precision, recall, F1-score, and computational time [47].
These metrics were calculated as follows:

TP

Precision = -100% 6)
TP+FP
Recall = ———- 100% (7
TP+FN

F1 — score = 2 - Prec‘is'ion-Recall (8)
Precision+Recall
where TP denotes True Positives, FP False Positives, TN True
Negatives, and FN False Negatives. Additionally, the mAP

metric was also employed.

V. RESULTS AND DISCUSSION

To evaluate the performance of the proposed model, a
comprehensive comparative analysis of various YOLO
versions and classification models (VGG16, DenseNetl21,
MobileNetV2, and EfficientNetBO) was conducted to
determine the most suitable model for object detection. The
results of the comparative analysis are presented in Table 1.

While YOLOv3 demonstrated effective detection
capabilities, its accuracy and speed were suboptimal. YOLOv4
and YOLOVS5 improved upon these results but still did not meet
the required precision-efficiency trade-off. YOLOV7 provided
stronger detection capabilities yet lacked sufficient balance
between accuracy and computational time. YOLOVS
introduced substantial improvements; however, YOLOV9
ultimately delivered the best compromise between accuracy
and speed, making it the preferred detection model in this
study.

TABLEL PERFORMANCE COMPARISON AMONG DIFFERENT MODELS

Model mAP (%) | Precision (%) | Recall (%) | Fl-score (%) L‘;fre;‘i::geerr(:::;‘)’ Sizsg:ﬁ;lfg) Tﬁ‘l“l‘]‘l‘;%;‘s')“"
YOLO v3 83.0 843 82.4 8332 759 131 4:00:00
YOLO v4 89.6 85.1 86.6 85.84 648 1.54 3:25:00
YOLOvVS 84.1 87.7 834 85.49 604 1.65 3:11:00
YOLOv7 94.4 87.9 85.3 86.58 427 234 2:15:00
YOLOVS 96.2 88.7 952 91.82 379 2.63 2:00:00
YOLOV9 97 86.8 86.1 86.54 332 3.00 1:45:00
ResNet50 94.30 93.60 92 92.79 44633 2.24 9:18:41
Modified ResNet50 95.60 95 93 93.98 207.73 481 6:10:22
VGG16 90 91 92 93.98 618.69 1.62 6:30:00
DenseNetl21 91 92 93.80 92.89 172.94 5.78 10:3:00
MobileNetV2 91.80 92.11 92.60 92.35 57.02 17.54 4:30:00
EfficientNetBO 93 93.10 94 93.69 82.91 12.06 5:00:00
YOLOv9-Modified ResNet50 97.20 97 93.40 95.16 103.89 9.62 3:05:33

Integrated Model

Furthermore, classification models were evaluated in two
stages to identify the most efficient architecture. VGGI6,

despite its simplicity, lacked computational efficiency, while
DenseNet121  achieved  higher accuracy but was
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computationally expensive. In contrast, MobileNetV2 offered
rapid inference but insufficient classification performance.
Lastly, EfficientNetBO provided a reasonable accuracy-speed
trade-off but was surpassed by ResNet50, which delivered the
highest classification accuracy. Consequently, ResNet50 was
selected as the baseline classification model.

A. Performance of Models

Based on Figure 4, YOLOv3 and YOLOv4 showed
unstable convergence, with significant oscillations during early
epochs and lower final mAP values. YOLOVS converged more
smoothly but became inconsistent in later training stages. In
addition, YOLOV?7 initially performed well but exhibited sharp
degradation, indicating overfitting, while YOLOv8 achieved
high accuracy with faster convergence, although minor
oscillations were still present. In contrast, YOLOV9
demonstrated rapid and stable convergence, consistently
maintaining the highest mAP values across all epochs.

YOLO models

104

mAP g,

o 50 100 150 200 250 300
Epoch

Fig. 4. YOLO models mAP accuracy for gender detection over epochs.

Figure 5 illustrates the training progression of the CNN
classifiers over 300 epochs. All models reached stable mAP
values after ~50 epochs, but their final performance varied.
VGG16 consistently lagged despite gradual improvement.
DenseNet121 and EfficientNetBO delivered strong and stable
accuracy but required higher computational resources.
MobileNetV2 converged quickly and maintained stability, yet
its peak performance was lower than that of ResNet-based
models. Both ResNet50 and its modified version achieved
superior accuracy, with the modified ResNet50 providing
greater stability and the highest mAP throughout training.
These results align with Table I, confirming the modified
ResNet50 as the most reliable CNN classifier.

Figure 6 compares YOLOV9, Modified ResNet50, and the
integrated YOLOvV9-Modified ResNet50 model. YOLOV9
exhibited fast early convergence but plateaued at a lower mAP
compared to the integrated model. Modified ResNet50 reached
high accuracy quickly but showed mild fluctuations. In
contrast, the integrated model demonstrated steady and
consistent improvement, achieving the best overall
performance.

The integrated YOLOv9-Modified ResNet50 model
achieved 97.20% mAP and 97.0% precision, surpassing
standalone YOLOvV9, YOLOvVS, and traditional CNNs like

ResNet50 and VGG16. Its inference time was 103.89 ms/image
(9.62 FPS), slower than MobileNetV2 (57.02 ms/image, 17.54
FPS) but offering much higher accuracy (97.20% vs. 91.80%).

Comparison of CNN Models

0a] — VGG16
—— DenseNet121
—— EfficientNetB0
021 —— MobileNetv2
—— ResNet50
== Modified ResNet50
% o 50 100 150 200 250 300
Epochs
Fig. 5. CNN models mAP accuracy for gender detection over epochs.
10 Comparison of Models
0.8
0.6
o
<
£
0.4
0.2
—— YOLOV9- Modified ResNet50 Integrated Model
— YOLOV9
—— Modified ResNet50
0075 50 100 150 200 250 300
Epoch
Fig. 6. Comparison (mAP) between modified ResNet50, YOLOV9, and

integrated YOLOV9 ResNet50.

B. Loss Object Curve Analysis for Models

As shown in Figure 7, YOLOV9 exhibited a distinct
advantage in minimizing object loss over earlier YOLO
versions. It achieved a rapid reduction in loss during the initial
training stages, stabilizing after ~100 epochs and maintaining
consistent performance beyond 150 epochs. This improvement
is largely attributed to architectural refinements, such as
optimized loss functions and enhanced attention mechanisms,
which boost overlap detection and small object detection, the
two primary challenges in object detection. While YOLOVS
achieved stable convergence with low loss, it remained less
effective than YOLOVY in advanced training stages. Older
models (YOLOv3 and YOLOv4) exhibited substantially higher
losses, limiting their effectiveness in complex detection tasks,
while YOLOvV7 achieved moderate loss reduction but at the
cost of training stability.

Among classifiers, the Modified ResNet50 demonstrated
the most efficient loss minimization, as illustrated in Figure 8.
It began with an initial loss of 1.14, dropping sharply to 0.40 in
early epochs and gradually converging to 0.12 in later stages.
This behavior reflects both fast convergence and strong
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stability, confirming its effectiveness in complex classification
tasks. DenseNet121 also performed well, decreasing from 1.10
to 0.15, though with reduced stability in later epochs. ResNet50
achieved a final loss of 0.14, while EfficientNetBO reached
0.13, both competitive but slightly less optimized. In contrast,
VGG16 (0.21) and MobileNetV2 (0.11) converged more
slowly and less consistently, highlighting their lower
efficiency. Overall, the Modified ResNet50 emerged as the
most stable and accurate classifier. In terms of inference time,
MobileNetV2 (57.02 ms, 17.54 FPS) remained the fastest due
to its lightweight design, while EfficientNetBO (82.91 ms,
12.06 FPS) offered a balanced trade-off. Modified ResNet50
(207.73 ms, 4.81 FPS) enhanced accuracy but was slower than
MobileNetV2, and DenseNet121 (172.94 ms, 5.78 FPS),
showing moderate efficiency. VGG16 (618.69 ms, 1.62 FPS)
was the least efficient due to its outdated architecture.

i Comparison of Object Loss for YOLO Models

—— YOLOw9
—— YoLovs
10 YOLOV7
YOLOVS
— YoLov4
8 YOLOv3
a
g
g °
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Epochs
Fig. 7. Comparison of object loss for YOLO models.
25 Loss of Different CNN Models
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20 DenseNet121
— EfficientNetBO
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-d
to——1——+——1————-—- Modified ResNet50
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Fig. 8. Comparison of loss for CNN models.

As shown in Figure 9, the integrated YOLOv9-Modified
ResNet50 model demonstrated superior performance,
achieving rapid loss minimization and greater stability
compared to either model alone. While YOLOV9 suffered from
fluctuations in early training and Modified ResNet50
converged more steadily, the integrated model combined their
strengths, reducing loss quickly and maintaining stability
throughout training.

Loss - Integrated YOLOv9-Modified ResNet50
2.00
1.75}
1.50¢
2 1.25¢

Value

3 1.00}

0s

~ 0.75]
0.501
0.25!
0.00

0 50 100 150 200 250 300
Epochs

Fig. 9. Loss integrated YOLOv9- modified ResNet50.

C. Confusion Matrix and Error Analysis for Models

The error analysis of YOLO models, depicted in Table II,
confirmed YOLOVY’s reliability, balancing precision and recall
effectively. Although YOLOVS recorded the lowest total error
count of 29, YOLOV9 achieved strong stability with 23 FP and
25 FN, totaling 48 errors. Despite this slightly higher count,
YOLOV9 exhibited better consistency and robustness than its
predecessors. YOLOvV3, with the highest error rate of 59,
demonstrated the lowest reliability.

TABLE IL CONFUSION MATRIX ANALYSIS FOR YOLO

MODELS

Model TP FN FP TN
YOLOvV3 152 32 27 150
YOLOv4 158 26 23 154
YOLOV5 156 30 21 154
YOLOvV7 158 26 21 156
YOLOVS8 167 8 21 165
YOLOV9 157 25 23 156

For CNN-based classifiers, confusion matrix analysis
(Table III) highlights the Modified ResNet50 as the most
accurate model. It correctly classified 173 True Negative (TN)
and 168 True Positive (TP) cases, while recording the lowest
misclassification rates (FP = 7, FN = 13). EfficientNetBO and
DenseNet121 also delivered strong results with minimal errors,
while ResNet50 and MobileNetV2 performed well but with
slightly higher error counts. VGGI16 exhibited the weakest
performance, consistent with its higher loss and slower
convergence. The integrated YOLOvV9-Modified ResNet50
model achieved the best overall classification performance,
with 328 TP, 2 TN, 9 FP, and 22 FN (Figure 10).

Further analysis revealed that most errors occurred in the
male class, where some male images were incorrectly classified
as female. This slightly reduced the recall rate for males
compared to females. The misclassifications were consistent
across validation folds and were primarily due to ambiguous
facial features or challenging image conditions (e.g., lighting,
pose). Because the model’s backbone relies on ResNet50-based
feature extraction, such edge cases increased the
misclassification likelihood. Importantly, these errors do not
indicate systematic bias but rather sensitivity to specific visual
ambiguities, as shown in Figure 11.
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TABLE III. CONFUSION MATRIX ANALYSIS FOR CNN
MODELS

Model TN FP FN TP
ResNet50 170 11 14 166
Modified ResNet50 173 7 13 168
VGG16 162 18 14 167
DenseNet121 165 16 11 169
MobileNetV2 166 15 13 167
EfficientNetBO 168 13 11 169

YOLOv9-Modified ResNet50 Integrated Model
Confusion Matrix

300

Actual Positive

200

- 150

Actual Labels

Actual Negative
|

- 100
22 2

-50

' !
Predicted Positive Predicted Negative
Predicted Labels

Fig. 10.  Confusion matrix of the integrated YOLOv9-Modified ResNet50.

Fig. 11.

Examples of male misclassification cases.

D. Statistical Significance Testing

A one-way Analysis of Variance (ANOVA) was performed
using Python’s SciPy library to assess whether the performance
differences among YOLO models (YOLOv3-YOLOV9) were
statistically significant. Five independent trials were conducted
for each model, with mAP values recorded and summarized in
Table IV. The results revealed a significant effect of model
type on detection performance (F-value = 8993.63, p-value <
0.05), confirming that the improvements in YOLOv8 and
YOLOV9 are not due to random variation but to genuine
architectural advances. These findings highlight the impact of
optimized backbones, attention mechanisms, and loss functions
in enhancing detection accuracy.

A similar ANOVA test was applied to the six CNN-based
classifiers to evaluate their statistical differences in gender
classification. Results, shown in Table V, confirmed significant
variation across models (p-value < 0.05). The Modified
ResNet50 achieved the highest accuracy, while VGG16 had the
lowest. EfficientNetBO offered a balanced compromise
between accuracy and computational cost, underscoring that
model choice should depend on the target application’s trade-
off between inference speed and accuracy.

A further comparison of parameter sizes is shown in Table
VI. The proposed integrated model demonstrates a substantial
reduction in parameters compared to the original YOLOVY,
owing to the use of a lightweight, modified ResNet50
backbone. By removing the FC layer and employing GAP,
computational complexity is reduced while accuracy is
preserved or even enhanced. This constitutes a key contribution
of the proposed architecture, improving efficiency without
compromising detection strength.

TABLEIV. MAP VALUES ACROSS FIVE TRIALS FOR YOLO
MODELS
Model mAP (%
Epoch 1 2 3 4 5

YOLOv3 83 82.8 83.1 82.9 83
YOLOv4 89.2 89.8 89.1 88.9 89.6
YOLOvS5 84.4 84.1 83.8 84.3 84.1
YOLOvV7 93.9 94.2 94.1 94.5 94.4
YOLOV8 96.4 96.1 95.8 96.3 96.2
YOLOV9 97.3 96.9 97.1 97.2 97

TABLE V. MAP VALUES ACROSS FIVE TRIALS FOR CNN
MODELS
Model mAP (%
Epoch 1 2 3 4 5
ResNet50 94.6 94.1 94.2 94.4 94.3
Modified ResNet50 95.2 95.4 95.5 95.7 95.6
VGG16 90.9 91.2 91.1 91.5 90.4
DenseNet121 91.2 91.1 91.3 91.5 91
MobileNetV2 91 91.6 91.7 91.9 91.8
EfficientNetB0 93.2 92.9 93.1 93.3 93

TABLE VL COMPARISON OF MODEL PARAMETERS
Number of
Model Parameters Notes
(in Millions)
Original
ResNet50 25.6 M Includes final FC layer
Modified . .
ResNet50 23.0M Final FC layer removed; uses GAP only
Original 64.9 M Uses CSP + ELAN as the backbone and
YOLOV9 ) PANet in the neck
YOLOV9+ CSP/ELAN replaced with modified
Modified 27M ResNet50; PANet replaced with BiFPN
ResNet50 + GLAN

E. Feature-Based Analysis (Canny Edge)

To further examine feature extraction, Canny edge
detection was implemented in Python using OpenCV. Images
were converted to grayscale, denoised via a Gaussian filter, and
edges were extracted with the Canny function. The integrated
YOLOv9-Modified ResNet50 model successfully leveraged
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key facial features such as the eyes, eyebrows, mouth, and
beard to achieve strong classification performance. However,
external factors, including glasses, headscarves, and lighting
variations, occasionally reduced accuracy by concealing or
distorting critical visual cues.

Original Images

Canny Edge
Detection

Fig. 12. Canny edge-based feature in  YOLOv9-Modified

ResNet50 for gender classification.

analysis

This analysis provides valuable insight into model behavior,
emphasizing the role of preprocessing in enhancing
classification robustness. By optimizing training data quality
and preprocessing strategies, external variability can be
mitigated, enabling more consistent and precise predictions.
These results also highlight the potential for integrating
additional preprocessing pipelines to improve feature
extraction, as shown in Figure 12.

F. Practical Applications and Future Advancements

The proposed YOLOvV9-Modified ResNet50 model
demonstrated strong potential in real-time object detection and
classification, making it suitable for applications in healthcare,
security, and autonomous systems for navigation, obstacle
detection, and real-time decision-making. Future advancements
will focus on enhancing computational efficiency, improving
adaptability to diverse environments, and integrating advanced
deep learning techniques to refine its performance further.

VI. CONCLUSION

This study presented a comparative evaluation of several
deep learning-based detection models, focusing on the
distinction between one-stage and two-stage detection
algorithms. A hybrid model was proposed, integrating
YOLOV9 with a modified lightweight version of ResNet50,
aiming to strike an optimal balance between classification
accuracy and inference speed. The proposed model
demonstrated high effectiveness, achieving 328 True Positive
(TP) cases, 9 False Positives (FP), 22 False Negatives (FN),
and 14 True Negatives (TN). Evaluation metrics confirmed its
superiority with a mean Average Precision (mAP) of 97.20%,
precision of 97%, recall of 93.40%, and an F1-score of 95.16%.
The key contribution of this work lies in the structural
integration of the modified ResNet50 into the YOLOV9
framework, enhancing performance  while reducing
computational overhead. Unlike previous studies that relied on
standalone or conventional models, the proposed hybrid
approach offers a robust solution suitable for real-world

environments requiring fast response times and high detection
accuracy. The results confirm that the proposed model is a
promising and scalable solution for real-time computer vision
applications, including smart surveillance systems, gender-
aware analytics, and autonomous systems. Future
enhancements may include incorporating attention mechanisms
and optimizing inference speed.
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