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Abstract

Precise object detection is fundamental to robust indoor navigation and localization. How-
ever, the practical deployment of deep learning-based detectors on mobile platforms is
frequently impeded by their extensive parameter counts, substantial computational over-
head, and prolonged inference latency, rendering them impractical for real-time and GPU-
independent applications. To overcome these limitations, this paper presents Nav-YOLO, a
highly optimized and lightweight architecture derived from YOLOv8n, specifically engi-
neered for navigational tasks. The model’s efficiency stems from several key improvements:
a ShuffleNetv2-based backbone significantly reduces model parameters; a Slim-Neck struc-
ture incorporating GSConv and GSbottleneck modules streamlines the feature fusion pro-
cess; the VoV-GSCSP hierarchical network aggregates features with minimal computational
cost; and a compact detection head is designed using Hybrid Convolutional Transformer
Architecture Search (HyCTAS). Furthermore, the adoption of Inner-IoU as the bounding
box regression loss accelerates the convergence of the training process. The model’s efficacy
is demonstrated through a purpose-built Android application. Experimental evaluations on
the VOC2007 and VOC2012 datasets reveal that Nav-YOLO substantially outperforms the
baseline YOLOv8n, achieving mAP50 improvements of 10.3% and 5.0%, respectively, while
maintaining a comparable parameter footprint. Consequently, Nav-YOLO demonstrates
a superior balance of accuracy, model compactness, and inference speed, presenting a
compelling alternative to existing object detection algorithms for mobile systems.

Keywords: real-time; YOLOv8; object detection; lightweight network; navigation

1. Introduction
The rapid development of deep learning technology in recent years has provided novel

approaches and ideas for visual navigation. These methods are being increasingly adopted
by researchers to enhance overall living standards, particularly benefiting individuals
with visual impairments [1]. The challenges are the lack of landmark recognition, object
detection, and hazard identification for the visually impaired in research on navigation
and positioning [2]. Overcoming perceptual challenges in scenes remains particularly
difficult for individuals who are visually impaired. Recognizing objects from the input
images constitutes a critical task for computational systems to achieve environmental
understanding [3]. Object detection is a fundamental task in computer vision, which
involves classifying and localizing objects within image data. Object detection has been
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extensively deployed across diverse applications, encompassing a range of tasks, includ-
ing visual navigation, immersive environments such as VR and AR, as well as object
retrieval tasks [4,5].

There has been a significant increase in work applying deep learning models, partic-
ularly for object detection, within navigation assistance systems [6]. Many studies have
utilized pre-trained object detection models based on neural network algorithms for navi-
gation, such as DeepCNN (Deep Convolutional Neural Networks) and YOLO (You Only
Look Once). Notably, significant research focuses on mobile applications and assistive
technologies; for example, Dosi et al. [7] developed an Android application that utilized Mo-
bileNet’s architecture to recognize objects for visually impaired people. Similarly, Vaidya
et al. [8] utilized the pre-trained YOLOv3 model on MSCOCO for real-time object detection.
Shariatinezhad et al. [9] explored obstacle detection using YOLOv5 and transfer learning,
while Ashiq et al. [10] implemented a deep CNN framework for object detection and
recognition tasks. Kuriakose et al. [11] developed a portable smartphone navigation assis-
tant based on deep learning for obstacle identification and scene understanding. Further
emphasizing the efficiency of mobile deployment, Afif et al. [12] developed an integrated
lightweight convolutional neural network based on CSPNet and EfficientNetv2 for indoor
object detection systems on edge devices. In summary, a prominent application area for
object detection in navigation systems is assisting visually impaired individuals, such as
In-out YOLO Glass [13] and Third Eye [14]. Increasing advances in efficient and real-time
target detection algorithms highlight their great potential for wider navigation applications
and market adoption.

In general, there are two types of object detection methods based on CNN architec-
tures: the two-stage approach, which involves generating candidate bounding boxes and
subsequently classifying objects contained within them, and the one-stage approach, which
performs object detection and classification in a unified process without generating propos-
als. Representative two-step detection models, including R-CNN [15] and Fast-RCNN [16],
are known for strong robustness and low error rates. However, their extended inference
time limits their suitability for real-time use cases. In contrast, one-stage models, such
as SSD [17] and YOLO [18], achieve comparable accuracy while significantly improving
processing speed, thereby enhancing their suitability for real-time detection applications.
Despite the wide variety of available object detection frameworks, choosing an appropriate
model for real-time navigation requires rigorous design and analysis, as these scenarios de-
mand low inference latency and minimal memory footprint. The computational efficiency
of one-stage detectors proves indispensable for vision-based navigation systems, demand-
ing real-time obstacle detection and environmental perception capabilities to ensure reliable
autonomous decision-making [19].

In addition, device portability and model lightweight design are fundamental con-
siderations in navigation assistance system development [20]. Mobile phones present
considerable promise due to their sensors, cameras, continuously enhanced processing
capabilities, and broadening availability for navigation. While one-stage detectors have
achieved notable accuracy improvements in recent years, their mobile deployment remains
challenging due to large model sizes, high parameter counts, heavy computational de-
mands, and prolonged processing time. These constraints include real-time deployment of
powerful models, such as YOLO, on mobile computing platforms.

Lightweight networks are a key focus in computer vision research, aiming to minimize
model size and computational demands while maintaining accuracy. Current approaches
to lightweight models are categorized into lightweight architecture design and model com-
pression. The former category encompasses series such as SqueezeNet [21], MobileNet [22],
ShuffleNet [23], and GhostNet [24], which aim to develop novel convolutional methods
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and structures for more efficient CNNs. Previous studies replace the entire YOLO backbone
with lightweight networks, effectively reducing model size while still achieving real-time
processing speeds; however, they exhibit considerably lower accuracy compared to the
original algorithm [25]. When deploying models in practice, several key factors must be
considered, including computational resource requirements, model complexity, real-time
inference capability, and detection accuracy. Researchers have studied compression strate-
gies, including pruning and knowledge distillation, to optimize model efficiency. Replacing
standard convolution offers an effective pathway for parameter reduction, typically imple-
mented via depth-wise separable convolution or dilated convolution. These lightweight
modeling techniques play a crucial role in selecting the optimal model tailored to specific
application requirements.

Current research on the lightweight YOLO-based object detector is focused on appli-
cations such as real-time autonomous driving [26], UAV object detection [27], road object
detection [28], and indoor-outdoor object detection [13]. Although numerous lightweight
modifications exist for YOLO-based object detectors, they are not optimized for object
detection in mobile navigation scenarios. Furthermore, there is a lack of research explicitly
demonstrating the viability of end-to-end applications using these developed models.

To address these issues, this study introduces a lightweight Nav-YOLO model to
support real-time object detection for navigation purposes. The main contributions of this
paper are as follows.

1. To develop a lightweight detection framework for navigation, where ShuffleNetv2,
Slim-Neck with VoV-GSCSP, a HyCTAS-based detection head, and the Inner-IoU loss
function are not merely combined but systematically co-designed to complement each
other, enabling both structural efficiency and enhanced feature representation, thereby
achieving an optimal trade-off between accuracy, speed, and computational cost.

2. To validate the effectiveness of the proposed Nav-YOLO by comparing its detection
accuracy, inference speed, and resource efficiency against YOLOv8n and other state-
of-the-art object detection frameworks.

3. To demonstrate real-time applicability through mobile deployment, verifying that
Nav-YOLO maintains high inference speed and efficient resource utilization on smart-
phones, thus confirming its suitability for practical navigation scenarios.

The structure of this study is presented as follows: Section 2 reviews the theoretical
foundations of the detection approach. Section 3 presents the technical implementation
of the Nav-YOLO model and its improved components, while Section 4 discusses the
experimental setup and provides detailed results. Section 5 discusses the efficiency of the
designed framework. Finally, Section 6 presents the conclusions.

2. Related Work
2.1. YOLOv8 Network Architecture

As a one-stage detection model, YOLO performs object localization and classification
in a unified step, formulating detection as a regression task [18]. YOLO relies on a convolu-
tional neural network for the entire process, jointly estimating class labels and bounding
box parameters, which greatly improves detection speed due to its end-to-end architec-
ture. The YOLO series has evolved from YOLOv1 to YOLOv13. YOLOv8, introduced by
Ultralytics in early 2023, represents a notable improvement within the YOLO model series,
offering enhanced detection performance and faster inference compared to its predecessors,
such as YOLOv5. YOLOv8 consists of four main modules: input, backbone for extracting
features, neck network, and detection head. The architecture of YOLOv8 is illustrated
in Figure 1.
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Figure 1. Structure of YOLOv8.

The input layer standardizes input images by applying operations such as image
resizing and pixel normalization, making them suitable for processing by the network.

The backbone uses a modified CSPDarknet53 architecture [29], incorporating CBL
(Conv + BatchNorm + SiLU), C2f (Cross Stage Partial Network with two convolutions and
fusions), and SPPF (Spatial Pyramid Pooling Fast) modules for feature extraction. The
YOLO architecture processes the input image through stacked Conv and C2f modules to
generate multi-scale feature maps. The C2f module functions as an optimized residual
learning block, improving upon the original C3 design. These feature maps then pass
through an SPPF module, which applies multi-kernel pooling to fuse feature representations
across scales before transferring them to the neck network.

In the neck, a hybrid structure of FPN (Feature Pyramid Networks) [30] and PAN
(Pyramid Attention Network) [31] is employed to enhance the fusion of features across
various object scales. Concat denotes combining feature maps along a particular axis, often
utilized to join two maps and enable upsampling through deconvolution.

The detection head follows the conventional practice of decoupling the classification
head and the regression head, which involves loss computation and bounding box filtering.

2.2. Performance Comparison of YOLOv8 Variants

YOLOv8 controls the depth and layer quantity through tunable parameters, including
depth (d), width (w), and ratio (r). The framework comprises five model scales: YOLOv8s,
YOLOv8n, YOLOv8m, YOLOv8l, and YOLOv8x, which vary in computational complexity
and architectural scale. Key distinctions among variants are reflected in their convolutional
depth, parameter count, and suitability for deployment. Deeper models typically achieve
higher detection accuracy at the cost of increased size and reduced inference speed. These
dimensional characteristics critically determine storage overhead and computational load,
particularly for resource-constrained edge or mobile devices. Consequently, this study
conducts preliminary performance measurements of the YOLOv8 variants on the PASCAL
VOC 2007 dataset [32] for accurate and efficient object detection, as shown in Table 1.
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Table 1. Performance comparison of YOLOv8 variants.

Model d (Depth) w (Width) mAP (%) Model Size (MB) FLOPs (G) Layer

YOLOv8n 0.33 0.25 52.18 5.95 8.2 225
YOLOv8s 0.33 0.50 59.08 42.9 28.7 225
YOLOv8m 0.67 0.75 61.86 49.6 79.1 295
YOLOv8l 1.00 1.00 63.55 83.6 165.5 365
YOLOv8x 1.00 1.25 64.94 130 258.2 365

Results demonstrate that while YOLOv8x achieves the highest mAP of 64.94%, it
requires the largest model size of 130 MB. Conversely, YOLOv8n maintains a minimal
model size of 5.95 MB but has the lowest mAP of 52.18%. As the foundational variant,
YOLOv8n has the minimum depth and minimum width architecture within this series,
while subsequent models (s/m/l/x) are progressively scaled versions with increased para-
metric complexity. The architectural expansion consistently enhances detection accuracy
through the addition of extra layers, albeit at the cost of extended training duration and in-
creased computational demands. For mobile deployment, inference latency and hardware
constraints must be prioritized.

To provide insight into the training dynamics of the network, Figure 2 illustrates the
curves for bounding box loss, precision, mAP, and recall across the YOLOv8 series. These
four curves converge and stabilize after 80 epochs, indicating successful model training
without overfitting. Considering the importance of real-time efficiency and detection
precision, this work adopts YOLOv8n as the foundational model for further improvement.

 

(a) (b) 

 
(c) (d) 

Figure 2. Training performance curves of the YOLOv8 variants. (a) Bounding box loss, (b) Precision,
(c) mAP, and (d) Recall.
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3. Nav-YOLO
To enable mobile deployment of the optimized model, this study aims to reduce model

complexity and parameter volume while enhancing detection precision, thus streamlin-
ing implementation on resource-limited devices. In this section, a novel network named
Nav-YOLO (YOLOv8n-ShuffleNet-Slimneck-HyCTAS) was introduced to support low-
latency, accurate, and lightweight object recognition for navigation. As shown in Figure 3,
the network architecture adopts the YOLOv8 framework comprising four fundamental
components: Input, Backbone, Neck, and Head. The Backbone integrates ShuffleNetv2 for
high-accuracy, rapid detection with reduced computational overhead. Within the Neck,
Conv and C2f modules are replaced by lightweight GSConv blocks and VoV-GSCSP struc-
tures, forming a Slim-Neck architecture that enhances adaptability for resource-constrained
devices. Moreover, the original detection head is upgraded by incorporating the HyCTAS
module to optimize feature importance and decrease computational burden.

 

Figure 3. Improved lightweight Nav-YOLO network structure.

3.1. Improvements to the Backbone Network

ShuffleNetv2, an improved lightweight neural network architecture, builds upon
its predecessor, ShuffleNetv1. It is specifically optimized for mobile devices to ensure
efficient computation and robust performance given limited computing resources [23].
ShuffleNetv2 utilizes depthwise separable convolution, along with channel shuffle, to
minimize computational overhead while preserving model accuracy.

Furthermore, the convolutional process is separated into two ordered phases by ap-
plying depthwise separable convolution: depthwise convolution (3 × 3) and pointwise
convolution (1 × 1). This decomposition significantly reduces both model size and com-
putational cost. Channel shuffle enhances the model’s ability to represent features and
improves overall performance by grouping input channels and reorganizing them after con-
volution within each group. Figure 4 illustrates the two units that comprise the ShuffleNet
V2 module.
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Figure 4. Components of the ShuffleNetv2 module. (a) the basic unit, and (b) the ShuffleNetv2 unit
for spatial downsampling.

Figure 4a illustrates the basic ShuffleNetv2 unit for a stride of 1, which begins with
a channel split operator that partitions the input feature map into two distinct branches.
One branch remains unchanged to minimize the distribution of operations into smaller
parts, thereby improving parallel processing. The other branch undergoes three sequential
operations: a 1 × 1 convolution followed by a 3 × 3 depthwise separable convolution
(DWConv) and another 1 × 1 convolution, which avoids pointwise convolution to reduce
computational cost. Next, the features from both branches are merged, preserving the origi-
nal channel count to optimize memory access. Finally, a channel shuffle operator rearranges
features along the channel dimension, enabling cross-branch information exchange.

When a stride of 2, as shown in Figure 4b, the ShuffleNetv2 unit removes the channel
split operator. Both branches receive equal feature maps. The left branch processes feature
maps with a 1 × 1 convolution followed by DWConv, while the right branch adds an
additional 1 × 1 convolution after DWConv to modify the number of channels. After
passing through the Concat module, the feature map’s pixel resolution is halved while
the channel count is doubled. Finally, Channel Shuffle is utilized to enable effective
communication among distinct groups of channels.

In this study, the Backbone of YOLOv8n was replaced with the basic and downsampled
units of ShuffleNetv2, arranged in an alternating connectivity pattern.

3.2. Improvements in the Neck Component

The neck network serves to fuse and process features, enhancing detection accuracy
and efficiency. Slim-neck is an optimized structure for the neck section in convolutional
neural networks [33], drawing inspiration from DenseNet [34] and CSPNet [35]. This study
integrates the Slim-Neck module into the neck section of YOLOv8n, replacing the Conv
layer with GSConv and the C3 layer with VoVGSCSP.

GSConv fuses Spatial Convolution, Depthwise Separable Convolution, and shuffle
operations to improve performance. It achieves performance comparable to standard
convolution while requiring only 60% to 70% of its computational cost. Figure 5 illustrates
the architecture of GSConv.
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Figure 5. The structure of GSConv.

The operation begins by convolving the input feature map (C1 channels) to produce
a feature vector with C2/2 channels. Simultaneously, a second feature vector of size C2/2
is generated using DWConv. These vectors are then concatenated, and channel shuffle
redistributes information from Spatial Convolution (SC) across each Depthwise Separable
Convolution (DSC) component. The resulting output feature map contains C2 channels.

Building upon GSConv, the Ghost-Shuffle (GS) bottleneck forms the core of the Slim-
Neck design, as shown in Figure 6a. Additionally, the VoV-GSCSP (One-Time Aggregation
Cross-Stage Partial Network) module, derived from a one-time aggregation strategy, in-
corporates a GS bottleneck to reduce computational and structural complexity without
significant loss of accuracy, as shown in Figure 6b.

Figure 6. The structures of the Slim-neck. (a) GS bottleneck module, and (b) VoV-GSCSP module.

Within the VoV-GSCSP module, the input feature map first processes an initial con-
volution. It is then split into two branches: one retains the original features via identity
mapping, while the other passes through GS bottleneck convolutions. The outputs are
concatenated and processed by a final convolution before output.
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3.3. Improvements in the Detection Head

The main function of the detection head is to output both object localization boxes
and class labels. To enhance its efficiency, this study adopts concepts from the HyCTAS
technique [36], which employs genetic algorithms for automated network architecture
optimization. HyCTAS combines a Lightweight Convolution Module and a Memory-
Efficient Self-Attention Module.

The Memory-Efficient Self-Attention Module utilizes Multi-Head Self-Attention
(MHSA) layers to capture comprehensive contextual information, as shown in Figure 7a.
It integrates MHSA with 1 × 1 convolutions, batch normalization, residual connections,
and ReLU activations for efficient feature extraction while maintaining robust performance.
The Lightweight Convolution Module preserves local features by performing downsam-
pling followed by upsampling, which reduces computational demands through frequency
downsampling and feature mapping, as shown in Figure 7b.

 
Figure 7. The architecture of HyCTAS. (a) Memory-Efficient Self-Attention, and (b) Lightweight Convolution.

3.4. Loss Function Inner-IoU

The YOLOv8 utilizes the Distribution Focal Loss (DFL) [37] and CIoU Loss [38] as its
bounding box regression loss functions. The sample assignment utilizes the TaskAlignedAs-
signer [39], which classifies samples as positive or negative based on a weighted combi-
nation of classification and regression metrics. The overall loss function comprises two
components: a classification loss, computed using Varifocal Loss (VFL), and a regression
loss. These are computed as shown in Equations (1)–(6).

VFL(p, q) =

{
−q(q(log(p) + (1 − q) log(1 − p)) q > 0
−αpγ log(1 − p) q = 0

(1)

LCIoU = 1 − IoU +
ρ2(b, bgt)

c2 + αυ (2)

α =
υ

1 − IoU + υ
(3)

υ =
4
π2

(
arctan

wgt

hgt − arctan
w
h

)2

(4)

DFL(Si, Si+1) = −
((

yi+1 − y
)
log(Si) + (y − yi)log(Si+1)

)
(5)

Si =
yi+1 − y
yi+1 − yi

Si+1 =
y − yi

yi+1 − yi
(6)

where q is the object label. IoU is intersection over union. b and bgt denote the center
coordinates of the predicted and ground truth bounding boxes, respectively. p is the
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Euclidean distance between box centers. c represents the diagonal length of the smallest
enclosing box covering both predicted and ground truth regions. α is a balance weighting.
υ quantifies the aspect ratio consistency of the two boxes. w and h are the width and height
of the predicted box. wgt and hgt are the width and height of the ground truth box.

To address the slow convergence associated with CIoU, this study adopts the Inner-IoU
loss [40] for bounding box regression, as shown in Figure 8. Inner-IoU introduces a scale
ratio parameter to manage auxiliary bounding boxes. By scaling the original ground truth
box using a ratio, this method generates inner or outer regions, accelerating convergence
during loss optimization.

Figure 8. Description of Inner-IoU.

The Inner-IoU and its components are computed as Equations (7)–(14).

Linner-IoU = 1 − IoUinner (7)

IoUinner =
inter

union
(8)

bgt
l = xgt

c − wgt × ratio
2

, bgt
r = xgt

c − wgt × ratio
2

(9)

bgt
t = ygt

c − hgt × ratio
2

, bgt
b = ygt

c − hgt × ratio
2

(10)

bl = xc −
w × ratio

2
, br = xc +

w × ratio
2

(11)

bt = yc −
h × ratio

2
, bb = yc +

h × ratio
2

(12)

inner = (min(bgt
r , br)− max(bgt

l , bl)) ∗ (min(bgt
b , bb)− max(bgt

t , bt)) (13)

union =
(
wgt × hgt)× (ratio)2 + (w × h)× (ratio)2 − inter (14)

where (xgt
c , ygt

c ) is the center of the Ground Truth (GT) box, (xc, yc) represents the center
of the predicted box, ratio is a scaling parameter, and ranges from [0.5, 1.5]. wgt and hgt

are the width and height of the original GT box. w and h are the width and height of the
predicted box. inner is the intersection region between the predicted box and the GT box,
and union is the concatenated region between the predicted box and the GT box.
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4. Experiments and Results
4.1. Experimental Details
4.1.1. Dataset

Training and ablation studies utilized the PASCAL VOC dataset. The VOC 2007 dataset,
widely adopted for validating computer vision tasks, such as object detection and semantic
segmentation, comprises 9963 images across 20 classes. These were split into 5011 training
images and 4952 validation images. The VOC2012 dataset shares class definitions with
VOC2007 but contains 5716 training images and 5823 validation images.

4.1.2. Environment and Training Parameters

The experiment was conducted on a Windows 11 (64-bit) system with an Intel Core
i7-13700KF CPU, 64 GB of RAM, and an NVIDIA GeForce RTX 4080 GPU. Model develop-
ment leveraged PyTorch (v1.10.0, CUDA 10.2, cuDNN 7.5.0), Visual Studio Code (v1.85),
and Python (v3.9). Optimization employed Stochastic Gradient Descent (SGD) with a
momentum value of 0.9. Some training hyperparameters included an initial learning rate
of 0.01, a weight decay of 0.0005, a batch size of 32, and a training duration of 100 epochs.
A cosine annealing learning rate scheduler was employed to gradually reduce the learning
rate from its initial value to near zero, thereby ensuring stable convergence in the later
stages of training. To avoid unstable updates in the early phase, a linear warmup strategy
was applied for the first 3 epochs, during which the learning rate increased linearly from
0 to the target value. Additionally, mosaic augmentation was disabled during the final
10 epochs to enhance the model’s ability to generalize to real-world image distributions.

4.1.3. Evaluation Metrics

Model performance was assessed using Precision (P), Recall (R), Mean Average Pre-
cision (mAP), model size, F1-score, computational complexity (FLOPs), and Composite
Optimization Score (COS).

Precision (P) is the proportion of correct positive predictions among all positive
predictions. The calculation process is shown in Equation (15).

P =
TP

TP + FP
× 100% (15)

Recall (R) refers to the proportion of actual positives correctly identified and is mathe-
matically denoted as Equation (16).

R =
TP

TP + FN
× 100% (16)

F1-score is the harmonic mean of precision and recall, indicating overall accuracy and
stability. The calculation process is illustrated in Equation (17).

F1 =
2 × Precision × Recall

Precision + Recal
(17)

Average Precision (AP) is the area under the precision-recall curve for a single class.
The calculation process is outlined in Equation (18).

AP =

1∫
0

P(R)dR (18)



ISPRS Int. J. Geo-Inf. 2025, 14, 364 12 of 23

mAP is the mean of the AP scores across all classes, providing a holistic performance
measure. It can be calculated as Equation (19).

mAP =
1
N

N

∑
i=1

APi (19)

where TP is true positive and represents correctly detected positive samples, FP is false
positive and refers to the negative samples incorrectly classified as positive, FN is false
negative and refers to positive samples incorrectly classified as negative. N is the total
number of object classes.

To provide a more comprehensive evaluation of Nav-YOLO, we propose a COS that
jointly considers detection performance and computational efficiency. This score integrates
Precision (P), Recall (R), F1-score (F1), mAP50 (mAP), model size (S), and FLOPs (F).

Performance Score =
Pnorm + Rnorm + F1norm + mAPnorm

4
(20)

Efficiency Score =
Snorm + Fnorm

2
(21)

COS = α·Performance Score + (1 − α)·Efficiency Score (22)

where Pnorm, Rnorm, F1norm, mAPnorm are the normalized detection metrics through division
by 100. While Snorm, Fnorm are the normalized efficiency metrics are defined as:

Snorm = 1 − S
Sb

, Fnorm = 1 − F
Fb

(23)

where Sb and Fb denote the model size and FLOPs of the YOLOv8n. α ∈ [0, 1] is a weighting
factor that balances the relative importance of detection performance and efficiency. In the
experiments, we set α = 0.5 to give equal weight to both aspects. A higher COS indicates a
model that achieves superior performance while maintaining low computational cost and
compact size, making it particularly suitable for mobile and real-time applications.

4.2. Comparative Analysis of Lightweight Backbones

The backbone network has a significant influence on model size and computational
demands. To achieve greater compactness and enhance feature extraction, this study
replaces the original YOLOv8 backbone with lightweight CNN structures, including Shuf-
fleNetv2 [23], GhostNet [24], MobileNetv3 [22], and FasterNet [41]. Compared to heavier
counterparts, such as CSPDarknet53, these architectures offer fewer parameters and lower
computational costs.

As shown in Table 2, MobileNetv3 and ShuffleNetv2 outperform the baseline
YOLOv8n in Precision, Recall, F1-score, and mAP50. ShuffleNetv2 demonstrates the most
significant gains, increasing these metrics by 7.22%, 11.39%, 9.74%, and 10.82%, respectively,
while reducing FLOPs by 0.2 GFLOPs and maintaining a comparable model size. Although
MobileNetv3 also improves detection accuracy, its larger size hinders mobile deployment.
Conversely, GhostNet and FasterNet showed inferior performance across all metrics.

ShuffleNetv2 achieves the highest COS value of 0.2952, driven by robust detection per-
formance with a Performance Score of 0.6310 while maintaining computational efficiency
comparable to the baseline. YOLOv8n ranks second with a COS of 0.2666, demonstrating
that its extreme compactness and low FLOPs effectively offset slightly lower detection
metrics, thereby rendering it highly suitable for deployment on resource-constrained plat-
forms. In contrast, GhostNet, MobileNetv3, and FasterNet exhibit negative efficiency
scores due to substantially increased model sizes and computational demands relative
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to YOLOv8n, which adversely impacts their overall COS despite achieving reasonable
detection performance. These results substantiate that Nav-YOLO, when integrated with
lightweight backbones such as ShuffleNetv2, achieves an optimal balance between accu-
racy and efficiency. Accordingly, the COS metric serves as a comprehensive evaluation
framework, underscoring the practical benefits of models tailored for mobile and real-time
navigation applications.

Table 2. The results of backbone feature networks of different lightweight models.

Model Precision
(%)

Recall
(%) F1 (%) mAP50 (%) Model Size

(MB)
FLOPs

(G) Pref Eff COS

YOLOV8n 60.06 47.78 53.23 52.18 5.95 8.2 0.5331 0.0000 0.2666
GhostNet 51.72 43.68 47.36 43.91 7.23 10.1 0.4667 −0.2234 0.1216

MobileNetv3 69.27 52.92 60.00 58.71 20.70 20.8 0.6022 −2.0078 −0.7028
FasterNet 54.23 45.07 49.23 47.13 28.20 36.8 0.4892 −3.6137 −1.5623

ShuffleNetv2 67.28 59.17 62.97 63.00 6.58 8.0 0.6310 −0.0407 0.2952

4.3. Comparative Experiments and Analysis of Bottleneck Structures

The neck module refines feature outputs from the backbone. To evaluate the efficacy
of bottleneck architectures in feature fusion, four models were assessed: the Asymp-
totic Feature Pyramid Network (AFPN) [42], the Bi-directional Feature Pyramid Network
(BiFPN) [43], the Cross-Scale Feature Fusion Module (CCFM) [44], and the Slim-Neck [33].

The results are shown in Table 3. All structures improved the Precision and F1-
score over baseline YOLOv8n. SlimNeck improves precision by 5.17%, recall by 1.76%,
F1-score by 3.02%, and mAP50 by 3.57%, while reducing model size by 0.34 MB and
FLOPs by 0.8 G. While CCFM achieved the most lightweight design with a Model Size
of 3.97 MB and FLOPs of 6.7 G, its accuracy improvement was relatively limited. The
SlimNeck configuration achieves the highest COS value of 0.3321, primarily due to its superior
detection performance, with a Performance Score of 0.5669, while also maintaining competitive
computational efficiency, as evidenced by an Efficiency Score of 0.0774. The CCFM variant
ranks second with a COS of 0.3264, distinguished by the highest efficiency score among the
compared models, achieving an Efficiency Score of 0.1078. BiFPN demonstrates a balanced
trade-off, yielding a COS of 0.2679; it slightly outperforms the baseline YOLOv8n by enhancing
detection performance while incurring only minimal efficiency losses. In contrast, AFPN
exhibits a negative efficiency score due to its increased model size and elevated FLOPs, which
outweigh the corresponding performance improvements and lead to a diminished overall
COS. Therefore, considering both the lightweight efficiency and model detection accuracy,
this study selected SlimNeck to optimize the neck module of YOLOv8n.

Table 3. The results of neck module of different models.

Model Precision
(%)

Recall
(%) F1 (%) mAP50

(%)
Model Size

(MB)
FLOPs

(G) Pref Eff COS

YOLOV8n 60.06 47.78 53.23 52.18 5.95 8.2 0.5331 0.0000 0.2666
AFPN 66.65 45.44 53.85 53.92 6.28 9.4 0.5496 −0.1009 0.2244
BiFPN 61.54 49.17 54.71 52.98 6.00 8.3 0.5460 −0.0103 0.2679
CCFM 60.99 47.49 53.45 51.85 3.97 6.7 0.5344 0.1078 0.3264

SlimNeck 65.23 49.54 56.25 55.75 5.61 7.4 0.5669 0.0774 0.3321

4.4. Ablation Test

Ablation experiments assessed the contributions of individual modules within Nav-
YOLO using consistent evaluation metrics. Results are detailed in Table 4.

Integrating ShuffleNetv2 alone increased recall by 11.39% and mAP50 by 10.82%, while
model size increased by 10.6%. Adding Slim-Neck resulted in a trade-off between precision
and recall. Precision surged to 71.35%, but recall decreased by 7.02% to 52.15% compared
to ShuffleNetv2. The YOLOv8n-ShuffleNetv2-SlimNeck configuration also reduced FLOPs
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by 12.2% to 7.2 G versus baseline. The observed trade-off between precision and recall
following the integration of the Slim-Neck module can be attributed to its structural influ-
ence on feature aggregation. Specifically, the Slim-Neck implements a more selective and
compact feature fusion mechanism through VoV-GSCSP, which enhances the discriminability
of salient object features while effectively suppressing background noise. This refined feature
representation enables the detector to generate higher-confidence positive predictions, thereby
elevating precision. Conversely, the increased selectivity and condensation inherent in this
approach may inadvertently filter out weaker or partially occluded object signals, diminish-
ing the model’s capacity to identify all true positives and resulting in a marginal reduction
in recall. Fundamentally, the Slim-Neck induces a bias toward high-confidence detections,
prioritizing precision at the expense of recall, thus exemplifying a classical precision-recall
trade-off characteristic of feature-compressed architectures.

In addition, four detection heads were then evaluated on this base architecture, as
shown in Table 4, including RFADetection [45], RepDetection [46], Diverse Branch Block
(DBB) Head [47], and HyCTAS [36]. As shown in Table 4, RFADetection achieved the
highest precision of 75.71% but the lowest recall of 55.60%. RepDetection offered a balanced
performance with a 64.38% F1 score. DBBHead achieved a maximum mAP50 of 64% at
a prohibitive computational expense, requiring FLOPs of 13.6 G, representing an 88.90%
increase compared to the SlimNeck. Meanwhile, HyCTAS achieved 64% mAP50 accuracy,
equivalent to DBBHead, while achieving radical efficiency enhancements and reducing
computation to FLOPs of 6.9 G, a 15.9% reduction relative to the SlimNeck configuration.
Additionally, it compressed the model size to 5.90 MB, achieving 4.3% compression com-
pared to the original YOLOv8n. The final YOLOv8n-ShuffleNetv2-SlimNeck-HyCTAS
configuration achieved an 11.82% absolute improvement in mAP50 over the original
YOLOv8n while simultaneously reducing computational demands.

The YOLOv8n-ShuffleNetv2-SlimNeck-HyCTAS variant achieves the highest COS
value of 0.3637, indicating an optimal balance between enhanced detection performance,
with a Performance Score of 0.6440, and maintained computational efficiency, as reflected
by an Efficiency Score of 0.0835. Notably, the SlimNeck variant achieves a competitive COS
of 0.3231 independently, demonstrating that its neck design effectively improves precision
without imposing excessive computational costs. In contrast, although the RFADetection
and RepDetection variants exhibit modest improvements in raw detection metrics with
Performance Scores ranging from approximately 0.646 to 0.649, their substantial increases
in model size and floating-point operations lead to markedly negative efficiency scores
near −0.43, thereby diminishing their overall COS values to approximately 0.10. Similarly,
the DBBHead variant delivers strong detection performance with a Performance Score
of 0.6478 but suffers the greatest efficiency penalty, as indicated by an Efficiency Score of
–0.9973, due to drastic increases in model size and FLOPs, resulting in a negative COS.

To verify the effectiveness of loss functions for bounding box regression, PowerfulIoU
and InnerIoU were evaluated within the optimized YOLOv8n-ShuffleNetv2-SlimNeck-
HyCTAS framework, as shown in Table 5. The experimental results indicate that the
YOLOv8n-ShuffleNetv2-SlimNeck-HyCTAS-InnerIoU model attained the highest COS
value of 0.3650. Its Performance Score of 0.6565 corresponds to a 23.1% enhancement
relative to the baseline score of 0.5331, which can be attributed primarily to significant
improvements in precision, recall, and F1. Furthermore, by leveraging a redesigned,
lightweight network architecture, the model demonstrates superior computational effi-
ciency, reducing FLOPs by 15.9% from 8.2 G to 6.9 G, thereby contributing positively to the
Efficiency Score. Although a marginal increase in model size was observed, the substantial
gains in detection performance, combined with significantly decreased computational
complexity, culminate in an optimized balance between accuracy and efficiency.
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Table 4. The results of head module of different models.

Model Precision
(%)

Recall
(%) F1 (%) mAP50 (%) Model Size (MB) FLOPs

(G) Pref Eff COS

YOLOV8n 60.06 47.78 53.23 52.18 5.95 8.2 0.5331 0.0000 0.2666
YOLOv8n-ShuffleNetv2 67.28 59.17 62.97 63.00 6.58 8.0 0.6310 −0.0407 0.2952
YOLOv8n-ShuffleNetv2-

SlimNeck 71.35 52.15 60.33 60.34 6.25 7.2 0.6104 0.0358 0.3231

YOLOv8n-ShuffleNetv2-
SlimNeck-RFADetection 75.71 55.60 64.05 63.04 9.46 10.4 0.6460 −0.4291 0.1084

YOLOv8n-ShuffleNetv2-
SlimNeck-RepDetection 74.51 56.64 64.38 63.97 9.57 10.4 0.6487 −0.4383 0.1052

YOLOv8n-ShuffleNetv2-
SlimNeck-DBBHead 74.06 56.74 64.30 64.00 13.9 13.6 0.6478 −0.9973 −0.1748

YOLOv8n-ShuffleNetv2-
SlimNeck-HyCTAS 71.28 58.15 64.15 64.00 5.90 6.9 0.6440 0.0835 0.3637

Table 5. Performance comparison of loss function.

Model Precision
(%)

Recall
(%) F1 (%) mAP50 (%) Model Size (MB) FLOPs

(G) Pref Eff COS

YOLOV8n 60.06 47.78 53.23 52.18 5.95 8.2 0.5331 0.0000 0.2666
YOLOv8n-ShuffleNetv2-

SlimNeck-HyCTAS-
PowerfulIoU

75.09 55.41 64.01 63.58 6.02 6.9 0.6425 0.0734 0.3593

YOLOv8n-ShuffleNetv2-
SlimNeck-HyCTAS-

InnerIoU
75.98 58.40 65.71 62.52 6.02 6.9 0.6565 0.0734 0.3650
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Based on comprehensive experimental validation and the performance requirements,
YOLOv8n-ShuffleNetv2-SlimNeck-HyCTAS-InnerIoU was selected as the enhanced design
for real-time object detection in navigation systems.

5. Discussion
This section analyzes detection metrics on the VOC 2007/2012 benchmarks, deploy-

ment efficiency, and real-time inference results for Nav-YOLO and comparative models.

5.1. Comparison of Detection Performance Between Different Models on the VOC2007 Dataset

Nav-YOLO was compared to YOLOv3, YOLOv3-tiny, YOLOv5, and YOLOv6 under
identical hardware, datasets, data augmentation techniques, and balanced training and
testing set ratios on the VOC2007. The training process spanned 100 epochs, with the
best-performing results chosen for evaluation. Results are shown in Table 6.

Table 6. The comparison results of different models on VOC2007 dataset.

Model Precision
(%)

Recall
(%) F1 (%) mAP50 (%) Model Size (MB) FLOPs

(G)
YOLOv3-tiny 57.53 49.97 53.53 50.76 23.2 19.1

YOLOv5 58.19 43.71 49.84 47.88 8.02 11.9
YOLOv6 61.69 46.23 52.86 50.85 5.03 7.2

YOLOV8n 60.06 47.78 53.23 52.18 5.95 8.2
Nav-YOLO 75.09 58.40 65.71 62.52 6.02 6.9

While YOLOv3 achieved a slightly higher mAP50 of 64.25% compared to Nav-YOLO’s
62.52%, the solution delivers critical advantages, including the highest recall-precision
harmony with a 65.71% F1-score, which exceeds YOLOv3 by 1.08% and YOLOv6 by
12.85%. It is achieved alongside radical efficiency gains, evidenced by a 6.02 MB model size
representing 96.96% compression compared to YOLOv3 and a 6.9 GFLOPs computational
load equivalent to a 97.56% reduction relative to YOLOv3. Furthermore, Nav-YOLO
attains 58.40% recall, outperforming YOLOv3 by 1.16%. Notably, Nav-YOLO surpasses
contemporary efficient models, achieving a 12.18% F1-score advantage over YOLOv3-tiny, a
15.87% advantage over YOLOv5, and a 12.85% advantage over YOLOv6, while maintaining
a competitive precision of 75.09%, second only to YOLOv3’s 74.01%.

Figure 9 comparatively visualizes Precision, mAP, and Recall curves alongside model
size metrics across evaluated architectures. The comparative analysis on VOC 2007 shows
that Nav-YOLO demonstrates the most favorable compromise between accuracy and
runtime performance.

 

(a) (b) 

Figure 9. Cont.
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(c) (d) 

Figure 9. Model training process on VOC2007 dataset. (a) Precision; (b) mAP; (c) Recall; (d) Model size.

5.2. Comparison of Detection Performance Between Different Models on VOC2012 Dataset

To validate the effectiveness of Nav-YOLO in complex scenes, comparative exper-
iments were conducted on the VOC2012 dataset. Performance was evaluated against
YOLOv3-tiny, YOLOv5, YOLOv6, and YOLOv8n, as shown in Table 7.

Both YOLOv8n and Nav-YOLO achieved an mAP50 of over 58% on VOC2012. Nav-
YOLO outperforms YOLOv8n in terms of mAP50, achieving the highest scores with a 5%
advantage and performing very well. Nav-YOLO achieves the second smallest model size
at 6.02 MB, representing a 3.2% reduction compared to YOLOv8n. Its computational load
of 7.8 GFLOPs constitutes a 59.2% reduction compared to YOLOv3-tiny despite delivering
a 9.71% higher mAP50.

Training results of Nav-YOLO on the VOC2012 dataset are illustrated in Figure 10.
After 50 epochs of training, Nav-YOLO demonstrates a rapid convergence and ultimately
attains superior performance, particularly in Precision (Figure 10a), mAP50 (Figure 10b),
and Recall (Figure 10c).

  
(a) (b) 

 
 

(c) (d) 

Figure 10. Model training process on the VOC2012 dataset. (a) Precision; (b) mAP; (c) Recall;
(d) Model size.
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Table 7. The comparison results of different models on VOC2012 dataset.

Model Precision
(%)

Recall
(%) F1 (%) mAP50 (%) Model Size (MB) FLOPs

(G)
YOLOv3-tiny 61.49 51.32 55.95 53.72 23.2 19.1

YOLOv5 62.46 51.27 56.36 55.09 5.02 7.2
YOLOv6 64.00 53.25 58.21 57.19 8.28 11.9

YOLOv8n 64.73 53.63 58.68 58.46 6.22 8.2
Nav-YOLO 70.97 57.42 63.51 63.43 6.02 7.8

5.3. Model Deployment and Real-Time Detection

To further validate the effectiveness of the proposed model in real-world scenarios,
we developed and deployed an Android application based on Nav-YOLO and conducted
tests in typical indoor navigation environments such as offices and laboratory settings.
Experimental results demonstrate that the proposed method achieves real-time detection
and inference on mobile devices, while maintaining high detection accuracy for navigation-
relevant objects such as chairs and bottles. Moreover, Nav-YOLO achieves inference speeds
comparable to those of YOLOv8n, while maintaining superior detection accuracy. These
findings confirm the suitability of our lightweight design for mobile deployment and
highlight its potential for practical indoor navigation applications.

The Android application was developed using the Nano Computer Neural Net-
work (NCNN) framework, an optimized open-source inference engine designed for
mobile platforms.

The deployment workflow includes four key stages (Figure 11). First, the server-
trained PyTorch model (.pt file) is exported to Open Neural Network Exchange (ONNX)
format to ensure cross-platform compatibility. Second, the ONNX model is transformed
into NCNN format using the onnx2ncnn tool. This process produces ‘.param’ and ‘.bin’ files
that store the model’s architecture and weights for efficient execution on mobile devices.
Third, the model is deployed to Android terminals through Gradle-managed dependency
resolution, ensuring compatibility with the library and toolchain. Finally, leveraging the
Java Development Kit (JDK) with Android-specific stability optimizations enables efficient
model inference on mobile devices.

Figure 11. Description of deployment process.

Figure 12 presents the results of object detection for navigation using this mobile
application. Qualitative observations indicate that the Nav-YOLO model achieves signif-
icantly improved detection performance compared to the original YOLOv8n, detecting
more objects with higher precision. Table 8 quantifies the real-time detection performance
of YOLOv8n and Nav-YOLO across three navigation scenarios, with a focus on two key
metrics for mobile deployment: inference speed (FPS) and inference delay. The quantitative
evaluations performed on a mobile platform demonstrate that the proposed model achieves
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inference speeds comparable to the baseline and even surpasses it in specific scenarios,
as evidenced by closely matched frame rates and latency metrics. Notably, this speed
performance advantage is sustained without compromising the model’s superior detection
accuracy. These empirical findings collectively and robustly affirm the practical viability of
the proposed model in real-time mobile deployment scenarios.

A critical aspect of successful mobile deep learning deployment lies in addressing the
practical engineering challenges encountered during Android application development
and model optimization. This study deployed an improved YOLOv8-based model incorpo-
rating non-standard modules such as Slim-Neck and HyCTAS, and encountered significant
challenges throughout the conversion pipeline. The transition from PyTorch to ONNX and
subsequently to the NCNN format proved particularly problematic due to limited support
for custom operators, often resulting in computational graphs with redundant operations,
which ultimately led to compatibility issues with the C++ inference interface. To achieve
real-time performance, a multi-faceted optimization strategy for NCNN was implemented,
including FP16 quantization for reduced memory usage, Vulkan backend integration for
GPU acceleration, and selective use of highly optimized operators. Furthermore, con-
siderable performance variability was observed across different Systems-on-Chip (SoCs),
attributable to disparities in CPU architectures, the availability of specialized AI accelera-
tors (NPUs), and differences in memory bandwidth. These findings underscore the critical
influence of hardware fragmentation on consistent deployment outcomes and highlight
the necessity of hardware-aware optimization strategies in real-world applications.

   
 (a) YOLOv8n  

Figure 12. Cont.
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 (b) Nav-YOLO  

Figure 12. Application implementation display. (a) Detection results using YOLOv8n; (b) Detection
results using Nav-YOLO.

Table 8. Comparison of Real-Time Detection Performance Between YOLOv8n and Nav-YOLO.

Model Scenario FPS Infer Delay (ms)

YOLOv8n
Scenario 1 14.98 67
Scenario 2 10.84 128
Scenario 3 19.24 72

Nav-YOLO
Scenario 1 15.43 53
Scenario 2 11.35 135
Scenario 3 17.75 53

5.4. Limitations of Our Work

Although the PASCAL VOC 2007 and VOC 2012 datasets are widely recognized as
standard benchmarks for object detection, their limited category diversity and inherent
bias towards common scenes restrict their capacity to fully represent the complexity of
real-world navigation environments. The relatively homogeneous nature of the imagery
in these datasets inadequately reflects the challenging conditions encountered in practi-
cal navigation contexts, such as dynamic lighting variations, significant occlusions, and
dense clutter. Therefore, models trained exclusively on these datasets may demonstrate
diminished generalization capabilities when applied to diverse indoor settings that di-
verge from the VOC domain. To overcome this limitation, future research will focus on
evaluating Nav-YOLO using more comprehensive and navigation-specific datasets that
encompass varied illumination conditions, intentional obstructions, crowded scenes, and
an expanded range of object categories. Such rigorous benchmarking is anticipated to
provide a more robust validation of the model’s resilience and its practical effectiveness in
real-world applications.
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Furthermore, the model occasionally misclassifies visually similar objects, such as
confusing a fire extinguisher with a bottle or identifying a portion of a table as a sink.
This limitation primarily arises from dataset constraints, including the absence of certain
object categories and the presence of coarse annotations, which impede the learning of
fine-grained inter-class distinctions. The issue is exacerbated by architectural factors: the
model’s design emphasizes local feature processing with limited integration of global
contextual information and lacks explicit mechanisms to enforce semantic consistency
across different parts of an object. Consequently, partially occluded or atypical object
instances are particularly prone to misinterpretation. These findings highlight the inher-
ent challenges in reliably discriminating semantically similar classes under real-world
conditions and suggest avenues for improvement through enhanced data curation and
architectural refinement.

6. Conclusions
This study introduces Nav-YOLO, an optimized lightweight architecture derived

from YOLOv8n for real-time object detection in navigation systems, specifically designed
for computationally constrained devices. To address the limitations of computational
complexity and deployment constraints in existing methods, we propose a ShuffleNetv2-
based backbone for efficient feature extraction, a Slim-Neck design with VoV-GSCSP
structure to maintain accuracy while minimizing computational load, and a HyCTAS-
optimized detection head with Inner-IoU loss for accelerated bounding box regression.
The experiments demonstrate that Nav-YOLO achieves significant improvements over
YOLOv8n, with notable increases of 10.3% and 10.6% in mAP50 and recall on VOC2007,
respectively, along with 5% and 3.8% increases in mAP50 and recall on VOC2012, while
maintaining comparable parameter efficiency.

The Nav-YOLO model proposed in this study provides an efficient and robust solution
for real-time object detection in navigation systems. In future research, we will expand the
training dataset to include more challenging navigation scenarios, such as complex urban
obstacles and indoor environments, thereby enhancing the algorithm’s generalization
capability across diverse real-world environments.
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