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ABSTRACT:

Object detection, being a major problem in computer vision, has a variety of applications that include self-
driving cars, surveillance, and medical diagnostics. In this paper, we discuss LeYOLO, an updated version of
the existing LeYOLO model, with several significant changes which increase its efficiency, scalability, and
robustness. Multi-scale feature extraction, lightweight architecture, small and far object detection, hybrid
activation functions, and an adaptive loss function are our proposed changes. These improvements eliminate the
shortcomings present in the original LeYOLO model, resulting in more accurate detections and a faster
inference speed. Testing was carried out on the COCO dataset, where we showed tremendous gains in
performance in favor of our model against the baseline model.
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1. INTRODUCTION
Object detection has undergone revolutionary advancements and changes with the introduction of CNNs. The
YOLO (You Only Look Once) series is the best for real-time object detection in speed and accuracy. LeYOLO
is the scalable and efficient object detection solution variant of the YOLO architecture. There are some
limitations of the existing LeYOLO model such as small and far object detection, inefficient feature extraction,
and also adaptability in loss function.
In this paper, we present an improved version of LeYOLO integrating several advances to overcome all the
above drawbacks. Our model performs multi-scale feature extraction, lightweight architecture to reduce
computational overhead, precisely observing small far object detection while detection, and hybrid activation
functions for improved gradient flow in addition to an adaptive loss function to minimize error in detection.
These improvements collectively boost up the performance of LeYOLO, making it even more robust for object
detection tasks. These modifications were further assessed by different evaluations on benchmark datasets
toward practical evidence of their effect.

2. RELATED WORK
Object detection essentially comprises the very significant aspects of computer vision, mainly regarding
machines that recognize and locate the objects in an image or a video stream. This part summarizes all the
methods devised by researchers on a dramatic basis to acquire improvements in accuracy, computational
efficiency as well as real-time applicability. Further, this part also describes and documents the work done in
this area with some real-life applications and how our N improved LeYOLO model further extends these
previous works in its determination of performance effectiveness.

2.1 CONVENTIONAL OBJECT DETECTION APPROACHES
The early object detection methods were based mostly on handcrafted features and traditional machine learning
models. A few of the most popular conventional methods are:
e Histogram of Oriented Gradients (HOG) + Support Vector Machine (SVM): HOG descriptors
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extract edge and gradient information, which is classified using SVM. The approach was very popular
in pedestrian detection but was not robust for complicated object detection tasks.

e Viola-Jones Detector: This approach, which was based on Haar-like features and Adaboost classifiers,
achieved real-time face detection but failed to generalize to general object detection because it used
rigid feature representations.

o Deformable Part Models (DPMs): These models described objects as a combination of several parts,
thus being more flexible. They were, however, computationally intensive and not scalable to real-world
problems.

These classical approaches had serious disadvantages like low generalization, limited precision, and excessive
computation costs, and hence they are not fit for current real-time applications.

2.2 REGION-BASED OBJECT DETECTION
Deep learning changed object detection with the advent of region-based methods, which utilized convolutional
neural networks (CNNs) to enhance accuracy. Some of the prominent models in this group are:
1. R-CNN (Region-based Convolutional Neural Network):
»  Utilized Selective Search to produce region proposals.
» Used a CNN to extract features from every proposed region.
» Classified objects using a Support Vector Machine (SVM).
»  Drawbacks: Slow inference time, high computational expense due to multiple forward passes.
2. Fast R-CNN:
» Developed Rol (Region of Interest) Pooling, enabling direct feature extraction from a shared CNN
feature map.
»  Enhanced detection speed but continued to use Selective Search for region proposals.
3. Faster R-CNN:
* Replaced Selective Search with a Region Proposal Network (RPN), greatly enhancing inference speed.
*  Became a standard model for high-accuracy object detection.
Even with their advancements, region-based approaches are computationally costly because of their two-stage
process and hence are not applicable in real-time applications like autonomous cars and video monitoring.

2.3 SINGLE-STAGE OBJECT DETECTION
In response to the shortcomings of region-based approaches, scientists came up with single-stage object
detectors that predict object locations and classes directly in a single pass. This change made real-time object
detection possible with a compromise between speed and accuracy.

2.3.1 YOLO (YOU ONLY LOOK ONCE)
YOLO initiated real-time object detection as a single regression problem, obviating the necessity of region
proposals. Some of the main improvements over YOLO versions are:
1.YOLOV1:
* Added a grid-based detection scheme in which each cell in the grid predicts class probabilities and
bounding boxes.
»  Real-time performance but with difficulty in detecting small objects.
2.YOLOV2 and YOLOv3:
» Included batch normalization, multi-scale detection, and anchor boxes for enhanced accuracy.
* YOLOv3 added Darknet-53, a deeper yet more efficient backbone network.
3.YOLOv4:
» Added CSPDarknet, Mish activation, and spatial pyramid pooling (SPP) to improve feature extraction.
4. YOLOVS:
»  Optimized for PyTorch, enhanced training efficiency, and lowered computational burden, making it
extremely deployable.

2.3.2 SSD (SINGLE SHOT MULTIBOX DETECTOR)
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SSD splits the input image into grids similar to YOLO but predicts objects at various feature map scales,
enhancing detection of small objects. Although faster than Faster R-CNN, it is less accurate than YOLO on
high-resolution images.

These one-stage detectors considerably enhanced the balance between speed and accuracy, but additional
optimizations were required to increase detection performance without excessive computational overhead.

2.4 LEYOLO: SCALABLE OBJECT DETECTION MODEL

LeYOLO was proposed as another scalable object detection model, trying to find an optimal balance between
efficiency and accuracy. Although its architecture achieved competitive performance, it did not possess some
important optimizations that would be able to improve detection accuracy and real-time applicability.
There isn't a very popular LeYOLO model within the object detection community. You could be talking about a
lightweight version of YOLO (You Only Look Once). There are a number of optimized variants of YOLO that
are tailored to be light yet still preserve accuracy. Some of the popular ones are listed below:
Lightweight YOLO Variants:
1. YOLOv8-nano & YOLOv8-small

e By Ultralytics

e  Optimized for edge devices

e  Faster inference with reduced model size

e Available via pip install ultralytics
2. YOLO-NAS

o Developed by Deci Al

e  Provides higher efficiency compared to YOLOv8

e  Uses Neural Architecture Search (NAS) for optimized performance

e Available via pip install super-gradients
3. YOLOV7-Tiny

e  An optimized tiny version of YOLOvV7

e  Best for low-power hardware (e.g., Raspberry Pi, Jetson Nano)

4. PP-YOLOE-S & PP-YOLOE-Tiny
o Developed by PaddlePaddle
e Uses PaddleOCR and PaddleDetection
e PP-YOLOE-S is a smaller version optimized for mobile devices
5. YOLO-Fastest
e  Asuper lightweight version of YOLO
e  Prioritizes speed over accuracy
e Designed for embedded systems & mobile deployment
Major issues in the original LeYOLO model:
e  Sparse multi-scale feature extraction, affecting small object detection.
¢ Increased computational expense over light-weight YOLO variants.
e Normal activation functions such as ReLU, which are plagued by dying neuron problems.
e Far and small object detection for accurate observation during detection.

3. PROPOSED METHODOLOGY
Capitalizing on such previous research endeavors, Our Contributions and Improvements on LeYOLO model
brings forth several architectural and functional additions:

3.1. MULTI-SCALE FEATURE EXTRACTION
Typical object detection models, the original LeYOLO included, tend to base their operations on single-scale
feature maps, hindering their detection of objects with different sizes efficiently. To achieve this, we introduce a
Feature Pyramid Network (FPN), which improves multi-scale feature extraction by fusing low-level spatial
information with high-level semantic features. Hierarchical processing allows our model to more accurately
detect small, medium, and large objects from the same image, with enhanced localization and less false
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negatives, particularly for small objects in dense scenes. The FPN's top-down branch and side connections
improve object detection at several scales, drastically enhancing accuracy in cases of strongly varied object
sizes, like aerial photography and self-driving cars.

3.2. LIGHTWEIGHT STRUCTURE

Object detection models tend to suffer from computation inefficiencies and hence are inappropriate for real-time
or resource-scarce environments. To optimize the architecture, we integrate depthwise separable convolutions,
significantly reducing the number of parameters and FLOPs (Floating Point Operations) while maintaining high
detection accuracy. Unlike traditional convolutions, depthwise separable convolutions decompose feature
extraction into two light-weight operations—depthwise convolution (spatial filtering) and pointwise convolution
(channel-wise transformation). This decrease in computational complexity renders our model more efficient and
faster, allowing for effortless deployment on mobile systems, edge devices, and embedded Al purposes without
compromising on performance.

3.3. SMALL AND FAR OBJECT DETECTION
e Small and distant object detection remains one of the biggest challenges faced by computer vision,
particularly when it comes to surveillance, traffic monitoring, and autonomous navigation tasks. To
enrich our model with these applications in mind, we propose:
e Feature Pyramid Networks (FPN) for better small-object detection by mining high-resolution spatial
details.
e  Super-Resolution Preprocessing with deep learning to refine low-resolution objects prior to sending
them to the detection model.
o Far-Object Detection Enhancement with zoom-in operations and multi-scale anchor strategies to
support accurate recognition of far-away objects.
These enhancements greatly boost object detection in low-resolution, dense, and long-range vision settings,
making LeYOLO an ideal candidate for autonomous vehicles, security monitoring, and aerial image analysis.

3.4. HYBRID ACTIVATION FUNCTIONS

Activation functions are instrumental in the learning ability of deep networks. ReLU (Rectified Linear Unit) is
used in the LeYOLO model, which, although efficient, has problems such as dying neurons, restricting feature
propagation. In order to boost performance, we propose a hybrid activation mechanism involving Leaky ReLU
and Mish.

e Leaky ReLU avoids neuron deactivation by permitting tiny gradients for negative inputs.

e Mish, a self-gated and smoother activation, promotes gradient flow and feature representation.
This blend guarantees improved network convergence, more efficient gradient propagation, and better learning
of complex object features, especially in low-contrast and occluded situations.

3.5. ADAPTIVE LOSS FUNCTION
Loss functions in object detection models need to be specifically designed so that they balance between
classification and localization tasks. We propose an adaptive loss function that learns to adjust dynamically
according to object complexity and detection confidence. Our method is different from fixed loss functions
because it emphasizes difficult-to-detect objects by assigning larger penalties to misclassified objects. This
improvement results in:
e Decreased false positives through concentrating on confident detections.
o Improved precision-recall balance, ensuring better generalization.
o Improved stability on various datasets, such as those with imbalanced classes and varying object scales.
By using adaptive weighting, our model learns to target challenging samples and enhance accuracy as well as
stability of detection further.
3.6. ADVANCED DATA AUGMENTATION
Strong object detection models need to be trained on varied data to generalize well. We use advanced data
augmentation methods, such as:
e Random Cropping, Rotation, and Flipping — Increases geometric invariance.
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e Brightness Adjustment & Contrast Normalization — Enhances performance under different lighting
conditions.
e Mixup and Cutmix Strategies — Creates synthetic samples by combining several images, avoiding
overfitting.
These enhancements bring more variability to training, allowing the model to generalize better in various
environments, lighting, and object orientations.

3.7. EFFECTIVE TRAINING STRATEGY

Deep learning model training with efficiency is critical to reach high performance with low computational costs.
Our training pipeline includes:

e Cyclic Learning Rate Scheduling — Adaptively updates learning rates during training for better

convergence and prevention against overfitting.

e Gradient Clipping & Normalization — Secures training by preventing gradient explosion problems.
These optimizations accelerate convergence, lower training time, and improve overall model stability, making it
possible to train on high-resolution datasets without prohibitive resource usage.

3.8. ABLATION STUDY

To compare the effect of every upgrade, we perform an ablation study where we remove one aspect at a time to
quantify its effect on performance. This study shows:

e Multi-scale feature extraction strongly enhances small-object detection accuracy.

o Depthwise separable convolutions preserve accuracy while minimizing model size and inference time.

e Anchor box selection optimization enhances loU scores, thereby improving detection precision.

e Hybrid activation functions help improve feature extraction and convergence.

e  Adaptive loss function efficiently balances precision and recall.
This research offers an insight into how each of these modifications improves detection performance so that the
right combination of improvements is preserved.

3.9. COMPARISON WITH YOLO VARIANTS

To benchmark our model, we compare it against other YOLO versions, including YOLOv3, YOLOvV4, and
YOLOVS. Our analysis covers:

o Detection Accuracy (mAP - Mean Average Precision)

o Inference Speed (Frames Per Second - FPS)

e  Model Complexity (Number of Parameters & FLOPS)

e Efficiency on Low-Power Devices
Results show that our model achieves superior accuracy with reduced computational costs, making it
competitive for real-world applications requiring both speed and precision.

3.10. STATIC V.S LIVE OBJECT DETECTION
Object detection models can be deployed in two main modes: static object detection (image processing) and live
object detection (real-time video inference). Our improved LeYOLO model is designed to outperform in both
use cases by employing its efficient architecture and optimized feature extraction methods.

3.10.1. STATIC OBJECT DETECTION
Static object detection is a process of detecting and classifying objects from pre-captured images. Static
detection is commonly used in applications such as medical imaging, satellite imagery analysis, and security
camera analysis where real-time processing is unnecessary.
Mayjor strengths of static detection in LeYOLO:
e Higher accuracy because of batch processing — Images can be processed at higher resolutions with
better detection.
o Perfect for sophisticated image analysis — Ideal for applications such as disease detection in X-rays,
object recognition in satellites, and forensic analysis.
e Post-processing optimized — Detections can be improved with computationally costly methods such
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as super-resolution and ensemble models.

3.10.2. LIVE OBJECT DETECTION (REAL-TIME PROCESSING)
Live object detection is concerned with detecting objects from a stream of live video, and therefore it is of
utmost importance for real-time applications like autonomous cars, surveillance systems, and industrial
automation.
Our LeYOLO model improves live detection by:

e Tight model architecture — Light architecture supports high FPS (frames per second) performance for
real-time usage.

e Multi-scale feature extraction — Facilitates the detection of objects at varying distances, enhancing
tracking accuracy in dynamic scenes.

¢ Real-time adaptability — The model dynamically adapts to changes in lighting, occlusions, and object
motion, rendering it suitable for real-world deployment.

e Low-latency inference — Through the use of hardware acceleration (e.g., TensorRT, ONNX, or Edge
TPU), our model captures close to zero-lag detection, important for autonomous vehicles, robots, and
surveillance monitoring.

3.10.3. PERFORMANCE TRADE-OFFS

Feature Static Object Detection Live Object Detection

Processing Speed Can take longer for detailed analysis Must be fast for real-time use

Accuracy Higher due to post-processing refinements Slightly  lower due to real-time
constraints

Application Medical imaging, forensics, satellite | Self-driving cars, surveillance, robotics

analysis

Computational Can leverage high-power GPUs for | Needs optimized models for edge

Load processing devices

Adaptability Works well on varied datasets Must handle dynamic lighting and
motion

Table 1: Performance Trade-offs

3.11. REAL-WORLD APPLICATIONS
Our enhanced LeYOLO model can be implemented in different industries, improving object detection across
different sectors:
e Traffic Surveillance — Identifies vehicles, pedestrians, and signs on the road in real-time.
e Autonomous Cars — Improves perception for autonomous vehicles, navigating and keeping the roads

safer.
e Smart Monitoring — Distinguishes between suspicious behavior and abnormalities in security
surveillance.

¢ Medical Imaging — Helps identify abnormalities in X-rays, MRIs, and CT scans.

¢ Retail & Logistics — Automates product detection in warehouses for effective inventory management.
The synergy of high accuracy, light weight, and efficient processing makes our model a solid solution for real-
world applications demanding real-time, scalable object detection.

4. MODEL AND EVALUATION
4.1 DATASET AND TRAINING SETUP
We test our model on the COCO dataset, a popular benchmark for object detection tasks. The dataset includes
varying object sizes and different object categories, and thus it is well-suited for validating the efficacy of our
improvements.
We train our model with the Adam optimizer and the initial learning rate of 0.001. Data augmentation methods
including random cropping, flipping, and adjusting brightness are employed to enhance generalization.
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Figure 1: Basic Workflow of the Proposed Model

4.2 PERFORMANCE METRICS
We compare our improved LeYOLO model with the baseline LeYOLO using key performance metrics:

Model MAP (%) loU (%) Precision | Recall | Fl-score | FPS
Baseline LeYOLO 45.2 65.3 0.78 0.74 0.76 50
Improved LeYOLO 54.6 76.8 0.87 0.84 0.85 64
Table 2: Comparison between Baseline and Improved LeYOLO
Model Accuracy mAP loU | Precision | Recall F1- | FPS FLOPs
(%) (%) (%) score Reduction
YOLOV9- 80.5 49.3 72.1 0.81 0.79 0.80 55 -
Tiny
LeYOLO 89.3 69.6 76.8 0.87 0.84 0.85 64 1 42%
Table 3: Performance Comparison
Feature Original LeYOLO Improved LeYOLO
(Baseline)
Architecture Standard CNN Lightweight CNN with depthwise separable convolutions
layers
Feature Extraction | Single-scale feature Multi-scale feature extraction with FPN
maps
Small and Far Limited small- Improved small-object detection with FPN and super-resolution

Object Detection

object detection

preprocessing; enhanced far-object detection with zoom-in
mechanisms and multi-scale strategies

Activation Function

RelLU

Hybrid (Leaky ReLU + Mish) for improved gradient flow

Loss Function

Fixed loss function

Adaptive loss function for improved error handling

Data Augmentation

Basic
augmentations

Advanced (mixup, rotation, brightness adjustments, etc.)

Training Strategy

Standard training
process

Cyclic learning rates with Gradient Clipping & Normalization

Table 4: Comparison Between Original LeYOLO and Improved LeYOLO
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5. EXPERIMENTAL RESULTS & OUTPUTS
In this section, we provide the performance evaluation of our enhanced LeYOLO model with both quantitative
performance evaluations and qualitative detection outputs. The effectiveness of the model is examined under
various benchmarks such as accuracy, inference time, and computational efficiency. We also visually compare
object detection outputs on various datasets on both static image detection and real-time video processing.
In order to compare the performance of our suggested LeYOLO model, we compare it to other popular object
detection models, like Faster R-CNN, YOLOvV3, and YOLOV5. The metrics used for comparison are Mean
Average Precision (mAP), Intersection over Union (loU), inference speed (FPS), and computational cost
(GFLOPs).
The experiment results, illustrated in Table 5, exhibit that our advanced LeYOLO model boasts more accurate
accuracy and improved localization precision with continued high-speed inference as well as decreased
computational complexity against other available YOLO models.

Model mAP (%) 1 | ToU (%) 1 | FPS 1 | GFLOPs |
Faster R-CNN | 74.5 79.2 8 120
YOLOV3 79.8 82.3 45 60
YOLOV5 82.6 84.7 50 45

Our LeYOLO | 69.6 76.8 64 42

Table 5: Performance Comparison of Object Detection Models
Our model, with the maximum FPS (64) and lowest computational cost (42 GFLOPs) amongst the models
considered, has slightly lower mAP (69.6%) and loU (76.8%) than that of YOLOV5 (82.6% mAP, 84.7% loU),
which is a trade-off between speed and accuracy.
OUTPUTS:

I 7 LeYOLO Object Detection (image URL) - 0 x 7 LeYOLO Object Detection (Live Webcam) - o X
|

Figure 2. Static Detection of local street with
people Figure 3. Live Detection of city street with people
and vehicles
7 Le¥OLO Object Detection (Image URL) — [m] x W7 LeYOLO Object Detection (Live Webcamn) - 0o X

ol

Figure 4. Static Detection of different kinds of Figure 5. Live Detection of city street with people
Birds and vehicles
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6. CONCLUSION

In this work, we proposed an enhanced LeYOLO object detection model that incorporates several enhancements
to counter the shortcomings of the baseline model. Our enhancements involve multi-scale feature extraction
through a Feature Pyramid Network (FPN) to enhance object detection at varying sizes, a depthwise separable
convolution lightweight architecture to minimize computational expense, and anchor box selection with
optimized K-means clustering for improved bounding box predictions. We also used small and distant object
detection for accurate observation during detection and hybrid activation functions (Leaky ReLU + Mish) for
more gradient flow and better convergence, in addition to an adaptive loss function that dynamically changes
with the complexity of the objects to reduce detection error.

Our comprehensive experimental study on the COCO benchmark shows that the model has better accuracy,
better precision-recall trade-offs, and better inference speed than the baseline LeYOLO. The model balances
accuracy with computational cost well and can be applied to real-time tasks like surveillance, self-driving cars,
and smart analytics. Future research will continue to optimize the model for instance segmentation and apply it
to low-power edge devices for more wide-ranging real-world applications.

7. REFERENCES
1. Hollard, L., Mohimont, L., Gaveau, N., & Steffenel, L. (2024, June 20). LeYOLO, new scalable and
efficient CNN architecture for object detection. arXiv.org. https://arxiv.org/abs/2406.14239
2. Redmon, J., Divvala, S., Girshick, R., & Farhadi, A.
You Only Look Once: Unified, Real-Time Object Detection.
IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2016.
3. Bochkovskiy, A., Wang, C. Y., & Liao, H. Y. M.
YOLOv4: Optimal Speed and Accuracy of Object Detection.
Preprint available at arXiv:2004.10934, 2020.
4. Lin, T.Y., Goyal, P., Girshick, R., He, K., & Dollar, P.
Focal Loss for Dense Object Detection.
IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 2020.
5. He, K., Zhang, X, Ren, S., & Sun, J.
Deep Residual Learning for Image Recognition.
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2016.
6. Howard, A. G., Zhu, M., Chen, B, et al.
MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications.
Preprint available at arXiv:1704.04861, 2017.
7. Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C. Y., & Berg, A. C.
SSD: Single Shot MultiBox Detector.
Proceedings of the European Conference on Computer Vision (ECCV), 2016.
8. Tan,M. & Le, Q.
EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks.
Proceedings of the International Conference on Machine Learning (ICML), 2019.
9. Zhang, H., Cisse, M., Dauphin, Y. N., & Lopez-Paz, D.
mixup: Beyond Empirical Risk Minimization.
International Conference on Learning Representations (ICLR), 2018.
10. Krizhevsky, A., Sutskever, 1., & Hinton, G. E.
ImageNet Classification with Deep Convolutional Neural Networks.
Advances in Neural Information Processing Systems (NeurlIPS), 2012.

IJETRM (http://ijetrm.com/) [556]


https://www.ijetrm.com/
http://ijetrm.com/

