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Lightweight deep learning for real-time road
distress detection on mobile devices

Yuanyuan Hu 1,6, Ning Chen2,6, Yue Hou 3 , Xingshi Lin4, Baohong Jing5 &
Pengfei Liu 1

Efficient and accurate road distress detection is crucial for infrastructure
maintenance and transportation safety. Traditional manual inspections are
labor-intensive and time-consuming, while increasingly popular automated
systems often rely on computationally intensive devices, limiting widespread
adoption. To address these challenges, this study introduces MobiLiteNet, a
lightweight deep learning approach designed for mobile deployment on
smartphones and mixed reality systems. Utilizing a diverse dataset collected
from Europe and Asia, MobiLiteNet incorporates Efficient Channel Attention
to boost model performance, followed by structural refinement, sparse
knowledge distillation, structured pruning, and quantization to significantly
increase the computational efficiency while preserving high detection accu-
racy. To validate its effectiveness, MobiLiteNet improves the existing Mobi-
leNet model. Test results show that the improved MobileNet outperforms
baseline models on mobile devices. With significantly reduced computational
costs, this approach enables real-time, scalable, and accurate road distress
detection, contributing tomore efficient road infrastructuremanagement and
intelligent transportation systems.

Road infrastructures play a fundamental role in modern public
transportation1,2. Throughout the service life, they endure repeated
vehicle loads and severe environmental influences, resulting in distress
such as cracks, rutting, and potholes3,4. If the problems are not
addressed, the existing road distresses can further develop into
structural failures, leading to significantly higher repair costs5,6. Thus,
for road authorities all over the world, it is crucial to have regular road
inspections and timely maintenance. However, traditional methods,
which rely heavily on manual surveys and specialized equipment,
remain labor-intensive, slow, and prone to errors7. These problems
also limit the scalability and fail tomeet the demands of very large road
networks. Consequently, there is an urgent need for automated, effi-
cient, and real-time roadmonitoring systems that canprovide accurate
and scalable solutions.

In recent years, various automated road distress detection
methods have emerged and been developed, including traditional
image processing techniques such as thresholding8,9 and edge
detection10,11.While thesemethods provided apreliminary approach to
improve the productivity of road distress detection, the effectiveness
is often limited by the negative factors during inspection, including
variations in camera lighting, very complex road material texture,
significant background noise on the road surface, etc. The develop-
ment of machine learning12–16, especially deep learning17,18, has sig-
nificantly improved the current road distress detection methods19–26.
These advanced detectionmethods require substantial computational
resources, leading to different implementation strategies for practical
deployment. Generally, current automated detection approaches can
be categorized into cloud-based andmobile edge-computing systems.
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In cloud-based systems, high-resolution road inspection data, which
amounts to tens of terabytes per session due to the extensive mileage
covered, must be uploaded to the cloud for processing. This creates
substantial challenges in terms of data transmission and storage, and
raises concerns about data security, privacy, and the limited real-time
responsiveness of such systems27,28. Edge computing, in contrast,
refers to the practice of processing data at or near the source of data
generation rather than relying on centralized cloud servers29. By
enabling real-time, on-site data processing directly on mobile devices,
edge computing reduces dependency on cloud infrastructures30,31.
Edge computing addresses privacy concerns, minimizes transmission
latency, and significantly lowers the bandwidth requirements by
storing or uploading only the detection results32. Consequently, it
drastically alleviates storage burdens while ensuring low-latency
performance, making it particularly suitable for high-speed and
large-scale road distress inspections.

Mobile edge computing devices, primarily including smartphones
and mixed reality (MR) devices, offer unique advantages for real-time
road distress detection33. Smartphones, equipped with advanced pro-
cessors, cameras, and connectivity features, serve as powerful tools for
on-site data collection and processing. Their portability, user-friendly
interfaces, and widespread adoption reduce hardware costs and enable
scalable deployment in mobile edge-computing systems34. MR devices,
which integrate augmented and virtual reality, are particularly valuable
for specialized applications such as on-site maintenance planning,
immersive infrastructure assessments, and augmented reality-assisted
crack sealing, where visual overlays enhance decision-making for engi-
neers and maintenance personnel35,36. As a supplement to existing
detection tools, mobile devices enhance flexibility and versatility, mak-
ing them applicable in scenarios where traditional methods may not be
suitable. For example, they allow inspectors to conduct assessments in
confined or hard-to-reach areas, perform emergency inspections after
natural disasters, and operate in hazardous environments where
deploying large equipment is impractical37,38.

Despite its significant potential, mobile edge computing technol-
ogy remains underutilized in road infrastructure monitoring and man-
agement. A key challenge is the absence of a specially designed
framework that supports the deployment of lightweight models opti-
mized for real-time road distress detection. Current approaches often
struggle to achieve both efficiency and accuracy on devices with
restricted computational power and battery life, limiting their practical
application inmobile environments. Anothermajor limitation is the lack
of high-quality datasets specifically designed for mobile environments,
hindering the development and implementation of effective solutions.
Addressing these gaps is crucial for realizing the full potential of mobile
edge computing technology in road infrastructure management.

To address all these issues, in this work, we present MobiLiteNet,
a lightweight deep learning framework designed for real-time road
monitoring on mobile devices. The proposed approach integrates
advanced model optimization techniques, including efficient channel
attention (ECA) mechanisms39, structural refinement, sparse knowledge
distillation40, structured pruning41, and quantization42, enabling high
detection accuracy with significantly reduced computational demands.
This design facilitatesdeploymenton resource-constraineddevices such
as smartphones and MR systems, enhancing the practicality of auto-
mated road distress detection in real-world scenarios. The MobiLiteNet
framework, when integrated with MobileNet V2 architecture—a well-
establishedmodel for efficient computer vision tasksonedgedevices—is
built upon adiversedataset collected across EuropeanandAsian regions
to enhance robust performance across varied road conditions. This
approach achieves enhanced performance compared to the original
model, delivering both higher accuracy and lower inference latency
across different deployment platforms. The framework not only
advances the current state of mobile-based infrastructure monitoring
but also lays thegroundwork for next-generation automated assessment

systems, offering broad potential applications in intelligent transporta-
tion, smart city initiatives, and inclusive technologies designed to
enhance public safety and accessibility.

The main contributions of this study are as follows:
1. The MobiLiteNet framework is proposed, integrating advanced

deep learning optimization techniques to achieve efficient and
accurate road distress detection suitable for smartphones andMR
devices.

2. A diverse dataset is constructed, consisting of road distress ima-
ges collected from representative regions in Europe and Asia,
capturing a wide range of real service conditions, thereby
enhancing the robustness and generalization capability of the
trained models.

3. The optimized MobileNet V2 model, developed through the
MobiLiteNet framework and trained on a diverse dataset,
demonstrates effective performance in field deployment on
smartphones and MR devices in Aachen, Germany, validating its
computational efficiency and detection accuracy for real-time
road monitoring in complex environments.

Results
Workflow of experimental and results overview
To evaluate the effectiveness of the proposed MobiLiteNet for real-
time road monitoring, comprehensive experiments were conducted
covering model development, deployment, and real-world validation.
The overall experimental workflow is illustrated in Fig. 1, which shows
the entire process from data collection and augmentation to on-site
validation.

The research beganwith data collection and augmentation, where
road images were gathered from diverse geographic locations in Eur-
ope and Asia under varying environmental conditions. To enhance
dataset robustness, data preprocessing techniques and advanced
augmentation strategies were employed to simulate diverse crack
patterns under different weather conditions. Following data augmen-
tation, the MobiLiteNet framework was developed with a two-stage
approach. First, ECA39 mechanisms are employed to enhance model
performance. Subsequently, structural refinement, sparse knowledge
distillation40, structured pruning41, and quantization42 are applied to
reduce computational complexity while preserving high detection
accuracy. The optimized model was subsequently converted into
TensorFlow Lite (TFLite) format for deployment on smartphones and
MR devices. To validate the system, it was field-tested in real-world
engineering projects in Aachen, Germany, to evaluate its general-
ization capabilities. Collected data is planned to be later uploaded to a
cloud server and systematically integrated into the future public
Mobilithek database, a centralized platform initiated by the German
Federal Ministry for Digital and Transport (BMDV) to standardize
and streamline national mobility data. The integration of mobile
edge computing technology enhances data collection precision and
supports efficient road management, contributing to continuous
improvement and scalability of the monitoring system.

The subsequent sections present detailed experimental results,
beginning with an in-depth analysis of the MobiLiteNet’s architecture
andoptimization techniques. Theperformance of the proposedmodel
is compared against the baselinemodel (originalMobileNet V2), with a
focus on three key metrics: detection accuracy, model architecture,
and parameter size. This comparison aims to demonstrate how the
architectural improvements and optimizations within MobiLiteNet
contribute to improved efficiency and accuracy. An ablation study was
then conducted to analyze the contributions of each component to the
overall performance, identifying the specific impact of individual
techniques incorporated in MobiLiteNet. Following this systematic
evaluation, deployment results on smartphones and MR devices are
discussed to illustrate the framework’s generalization capabilities
across different environments. Finally, the effectiveness of the system
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was validated through on-site experiments, showcasing its practical
applicability in real-world road monitoring scenarios.

The proposed MobiLiteNet framework
As illustrated in Fig. 2a, MobiLiteNet is designed through a series of
systematic optimizations that first maximize the model’s representa-
tional capacity and detection accuracy, and then systematically reduce
computational resources for real-time mobile deployment. This
sequential approach ensures robust performance in the initial phase,
followed by lightweight optimizations that facilitate efficient on-site
operation. To demonstrate these principles in practice, Fig. 2b pro-
vides a detailed example of howMobileNet V2 is optimized and refined
within the MobiLiteNet framework. Specifically, it integrates five cri-
tical components—ECA mechanisms39, structural refinement, sparse
knowledge distillation40, structured pruning41, and quantization42—

thereby obtaining a balance between high performance and efficient
resource utilization on smartphones and MR devices.

The process begins with the integration of ECA mechanisms, a
lightweightmodule designed to enhance themodel’s ability to capture
essential channel-wise dependencies with minimal computational
resources. Unlike traditional attention mechanisms, ECA employs
simple one-dimensional convolution operations, efficiently modeling
cross-channel interactions39.

Following this, structural refinement is employed to optimize the
model architecture. By reducing the number of bottleneck repetitions
and adjusting the input–output channel dimensions, this step sig-
nificantly decreases the number of parameters and computational
load, thus improving the model’s efficiency while maintaining its
detection capability.

To further improve model efficiency, sparse knowledge
distillation40 is introduced, where a high-capacity ResNet43 teacher
model transfers its learned knowledge to a lightweight studentmodel.
Knowledge distillation40 provides the advantage of enabling the stu-
dent model to inherit the generalization capabilities of the teacher
model while significantly reducing model complexity. This transfer
process is facilitated through a combination of soft target loss, which
captures the probabilistic outputs of the teacher model to convey
nuanced inter-class relationships, and hard target loss, which ensures

the model maintains strong performance on ground-truth labels.
Additionally, an L1 norm regularization44 term is incorporated into the
distillation loss to promote sparsity in the model’s parameters. This
sparsity-inducing regularization not only enhances model compres-
sion but also lays a solid foundation for subsequent structuredpruning
operations by making it easier to identify and eliminate less critical
parameters. This approach allows the student model to achieve per-
formance levels comparable to the teacher model while maintaining a
compact structure highly suitable for mobile deployment.

Subsequently, structured pruning41 is applied to eliminate less
significant channels based on their contribution to model perfor-
mance. By systematically removing up to 30%of the channels, this step
significantly reduces the number of parameters, leading to a leaner
model architecture. The reduction in parameter count not only
decreases memory usage but also lowers computational demands,
which in turn accelerates inference times.

Following pruning, the model undergoes quantization42, con-
verting floating-point operations (float32) to 8-bit integer (INT8)
representations. This conversion reduces the model size to approxi-
mately one-fourth of its original size, significantly decreasing memory
usage. Quantization not only reduces the storage requirements but
also enhances processing efficiency by enabling faster arithmetic
operations that are optimized for mobile hardware. This substantial
reduction in computational complexity is crucial for achieving real-
timedistress detection capabilities, as itminimizes latency andensures
smooth performance in dynamic and on-site environments.

In sum, these optimization techniques within MobiLiteNet, as
applied to the MobileNet V2 and shown in Fig. 2, enable the deploy-
ment of deep learning models on smartphones and MR devices, sup-
porting real-time and on-site road distress detection with high
accuracy and efficiency.

Dataset construction and augmentation
Existing datasets such asGAPs45–47, CRACK50048, andCrackForest49 have
made significant contributions to road distress detection by providing
high-quality annotated images. However, these datasets primarily focus
on images captured under clear or overcast conditions, limiting their
applicability across diverse environmental scenarios. This constraint

Fig. 1 | Experimental workflow for mobile-based road monitoring. Overview of
data processing, model optimization, mobile deployment, and on-site detection.
a data collection and augmentation. Icon by Leonardo Henrique Martini from The
Noun Project (CC BY 3.0). b MobiLiteNet Framework for Lightweight Model
Deployment. Icon by HideMaru from The Noun Project (CC BY 3.0). c Server-to-

android smartphone and mixed reality device. Contains elements by juicy_fish and
macrovector via Freepik Free License. d On-site detection. Map tiles adapted from
Stamen Design under CC BY 3.0. Data © OpenStreetMap contributors (ODbL).
e Expansion of public database. Icons by Tini Sumiarsih and Alzam from The Noun
Project (CC BY 3.0).
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presents a challenge for developing robust detection systems capable of
functioning reliably in real-world deployment environments where
lighting and weather conditions vary considerably.

To address these limitations and build a robust, diverse dataset
for training and validating the proposedMobiLiteNet framework, road
distress images were collected from multiple geographic locations,
including Aachen in Germany, Beijing in China, and Swansea in the
United Kingdom. While the general classification of road distress
remains similar across these regions, their specific characteristics vary
due to differences in temperature variations, moisture exposure, and
traffic loads. Aachen experiences moderate seasonal temperature
variations and high traffic intensity, particularly on arterial roads and

highways, leading to distress patterns influenced by both thermal
fluctuations and heavy dynamic loads. Beijing, characterized by
extreme seasonal temperature shifts, undergoes significant thermal
expansion and contraction cycles, impacting pavement durability,
especially in resurfaced layers. Swansea, with its high humidity and
frequent rainfall, faces persistent moisture exposure, making water-
related deterioration mechanisms more prevalent. This diversity sig-
nificantly enhances the dataset’s generalization capability for real-
world deployment. To account for a wider range of environmental
conditions, the dataset was expanded to include images taken during
rainy weather and at night, as shown in Fig. 3a, ensuring the model’s
robustness across different environmental conditions. Additionally,

Fig. 2 | Architecture optimization in the MobiLiteNet framework. a Process schematic for the MobiLiteNet architecture. b Architecture and implementation details
based on MobileNet V2. ECA efficient channel attention.

(i)
Longitudinal Cracks Transverse Cracks Alligator Cracks Broken Road Marking

Summary of the Four-Class Dataset Used in Experiments

Class Longitudinal 
Crack

Transverse 
Crack

Alligator 
Crack

Broken Pavment 
Marking

Augmented Data 4500

167

4500

158

4500

178

4500

Collected Data 834 791 887 361

72Test Set

Model Name Parameters

MobileNet V1 94.68±0.38 3.23 million

2.23 million

3.00 million91.75±0.27

MobileNet V2

MobileNet V3 - large

Distresses Images Generated

Distresses Images Collecteda

b Comparison of Experimental Results c

(ii) (iii) (iv) (i) (ii) (iii) (iv) (i) (ii) (iii) (iv) (i) (ii) (iii) (iv)

94.09±0.41

Accuracy (%)

Fig. 3 | Summary of dataset composition and augmentation. a Collection and
generation of images of road distress. Categorized into four types: longitudinal
cracks, transverse cracks, alligator cracks, and broken pavement markings. Each

category includes images captured under four conditions: (i) parallel view, (ii)
oblique view, (iii) rainy weather, and (iv) nighttime. b Dataset used in experiments.
c Comparison of experimental results for the MobileNet family models.
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images were captured from various viewing angles, including both
parallel and oblique perspectives relative to the pavement, to simulate
real-world data acquisition scenarios and improvemodel performance
under diverse viewpoints. The dataset covers four classes of road
distresses: longitudinal cracks, transverse cracks, alligator cracks, and
broken road markings. A total of 2873 road distress images were col-
lected and processed to a standardized resolution of 512 × 512 pixels,
ensuring consistency for model training.

To have a larger dataset size that is more convenient for machine
learning calculations, a Wasserstein Generative Adversarial Network
with Gradient Penalty (WGAN-GP)50. was employed. As shown in
Fig. 3a, WGAN-GP was capable of generating high-quality synthetic
images for each distress category, enhancing dataset diversity and
addressing data imbalance issues. The collected data was initially
divided in a 4:1 ratio, with the larger portion used for augmentation
and the remainder reserved for testing. For each distress class, 4500
synthetic images were generated, of which 4000 were allocated for
training and 500 for validation, as summarized in Fig. 3b. This data
augmentation process further improves model robustness and gen-
eralization by addressing data scarcity and enhancing adaptability to
diverse road conditions.

Model optimization and performance evaluation
The MobileNet series51–53, a family of lightweight convolutional neural
networks (CNNs) designed for efficient deep learning, is renowned for
its computational efficiency, making it particularly well-suited for
deployment on embedded systems and mobile devices where com-
putational resources are limited54,55. Among its variants, MobileNet V2
obtains the optimal balancebetween accuracy and resource efficiency,
as shown in Fig. 3c. Its core structure relies on an inverted residual
bottleneck module, which consists of depthwise separable convolu-
tions that significantly reduce computational cost while maintaining
performance52. This design expands the input channels before apply-
ing depthwise convolutions and then projects them back to a lower-
dimensional space, enhancing feature representation efficiency.
Despite its efficiency, MobileNet V2 presents potential for further
optimization, particularly for the complex challenges of road distress
detection in resource-constrained environments. This opportunity for
enhancement makes it an ideal baseline model for developing and
benchmarking the proposed MobiLiteNet framework.

The architecture of the optimized MobiLiteNet-based improved
MobileNet V2model is illustrated in Fig. 4, where Fig. 4a represents the
original MobileNet V2 architecture, and Fig. 4b shows the optimized
model after applying the MobiLiteNet framework. This optimization
led to a significant reduction in the number of model parameters,
decreasing from 2,228,996 to 498,283 parameters. Remarkably, this
reduction in model complexity did not compromise performance;
instead, the model’s accuracy improved from 94.09% to 96.38%.

The performance improvement of the MobiLiteNet framework
can be attributed to the synergistic effects of ECA mechanisms,
structural refinement, sparse knowledge distillation, structured prun-
ing, and quantization. Among these methods, sparse knowledge
distillation plays a key role by transferring high-level knowledge froma
highly accurate teacher model to a lightweight student model,
enhancing generalization while introducing sparsity through L1 norm
regularization. This sparsity facilitates the subsequent structured
pruning process, which systematically removes redundant parameters
to reduce computational complexity without compromising model
accuracy. The ECA mechanism further contributes by enhancing
feature representation through efficient channel-wise attention,
allowing the model to focus on critical features with minimal compu-
tational resources. Furthermore, quantization converts model weights
from float32 to INT8, significantly reducing memory usage and
accelerating inference speed by compressing the model size to one-
fourth of its original. Overall, the results demonstrate the effectiveness

of the MobiLiteNet framework in enhancing both efficiency and
accuracy.

MobiLiteNet deployment workflow and component-wise abla-
tion analysis
To evaluate the practical applicability of MobiLiteNet, comprehensive
deployment tests and ablation studies were conducted to analyze the
contributions of individual optimization components to the frame-
work’s overall performance.

The deployment process is illustrated in Fig. 5a, detailing the
complete workflow from model optimization to real-world applica-
tion. Following model training, the optimized MobileNet V2 model
based on MobiLiteNet was converted into TFLite format56,57, which is
specifically designed for efficient execution on resource-constrained
devices. This conversion is a critical step for mobile deployment, as it
optimizes the model architecture for inference on edge devices while
preserving detection capabilities. The development environment was
configured using Android Studio, where the TFLite model was inte-
grated into the custom-developed Android application named Road-
Intelligent. This application serves as an intuitive interface for real-time
road distress detection, capturing images through both smartphone
and MR device cameras. Each captured image undergoes a pre-
processing pipeline that includes resizing to the model’s input
dimensions (512 × 512 pixels), normalization to standardize pixel
values, and format conversion for model compatibility. The pre-
processed data is then fed into themodel for inference, with detection
results immediately displayed on the application interface. This
immediate feedback mechanism enables users to promptly identify
various road distresses during field inspections.

To systematically evaluate the contributions of each optimization
component inMobiLiteNet, a series of ablation studieswas conducted.
These experiments analyze the impact of individual components—ECA
modules, structural refinement, knowledge distillation, structured
pruning, and quantization—on the model’s performance. The detailed
results are presented in Fig. 5b, c.

Figure 5b summarizes themodel configurations and performance
metrics, highlighting which optimization techniques are incorporated
in each variant. ResNet demonstrates superior accuracy
(98.02 ±0.20%) due to its complex architecture. However, it suffers
from high computational costs with over 11 million parameters and a
model size of 44.7MB, rendering it impractical formobile deployment.
Nevertheless, its strong performance substantiates the selection of
ResNet as the teacher model in the knowledge distillation process. In
contrast, the baseline MobileNet V2 showed significantly reduced
computational demands (2.229 million parameters, 8.9MB) but
achieved lower accuracy (94.09 ± 0.41%) compared to ResNet. This
performance gap indicated the need for architectural enhancements
whilemaintainingMobileNetV2’s computational efficiency advantages
for mobile deployment.

The subsequent models were derived by incrementally incor-
porating components of the MobiLiteNet framework. By integrating
the ECA module into MobileNet V2 (Model 1), feature representation
capabilities were enhanced, resulting in improved accuracy
(96.10 ± 0.34%) without increasing the parameter count. This demon-
strates the effectiveness of attention mechanisms in strengthening
feature extraction with minimal computational resources. The addi-
tion of structural refinement (Model 2) reduced the number of para-
meters by approximately 55% (from 2.229 to 0.996 million) and
decreased model size to 4.0 MB. This significant reduction in model
complexity resulted in a temporary accuracy decrease to
93.43 ±0.38%. Incorporating sparse knowledge distillation with
ResNet as the teacher model (Model 3) substantially improved gen-
eralization capabilities, achieving an accuracy of 97.15 ± 0.29%. This
highlights the critical role of knowledge transfer in enhancing the
model’s learning capability while maintaining the reduced parameter
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Fig. 4 | Structural optimization of the baselinemodel using the MobiLiteNet framework. a Original structure of MobileNet V2. b Optimized model with MobiLiteNet
framework.

Model Name ECA 
Module

Structural 
Refinement
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(million)
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(%)

Size
(MB)
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Fig. 5 | End-to-end deployment and ablation study of MobiLiteNet framework.
a Process flow for mobile deployment and inference. Icons by Lucas Rathgeb,
Puspito, CamalliaMarroh, GoodWife, Dan’s, AliMahmudi, Ainul Abib, andRezaNur
from the Noun Project (CC BY 3.0). b Ablation study of model optimization in

MobiLiteNet framework. c Confusion matrices for ablation study models: BR bro-
ken pavement marking, LO longitudinal crack, MA alligator crack, TR trans-
verse crack.
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count. The application of structured pruning (Model 4) further
reduced the parameter count to 0.498 million and model size to
2.0MB, with minimal impact on accuracy (96.76 ±0.26%). This
demonstrates the effectiveness of systematic parameter reduction in
maintaining detection capabilities while improving computational
efficiency. The final model (Model 5) incorporates quantization by
converting weights to INT8 format, reducing the model size to merely
0.6MBwhilemaintaining robust detection capabilities (96.38 ±0.15%).
Compared to the baseline MobileNet V2, Model 5 shows a statistically
significant improvement in accuracy while achieving a model size
reduction to approximately one-fifteenth of the original.

Figure 5c presents confusion matrices (typical) for each model,
illustrating their classification performance across different road dis-
tress categories. The results demonstrate that each optimization step
contributes meaningfully to maintaining or enhancing detection
accuracy while improving computational efficiency. Notably, Model 5
achieves performance comparable to ResNet while significantly redu-
cing computational requirements, highlighting the MobiLiteNet fra-
mework’s efficiency for real-time, resource-constrained applications.
The ablation studies demonstrate that each component of the frame-
work contributes critically to optimizingmodel performance, ensuring
a balanced trade-off between accuracy, speed, and model size for
effective mobile deployment.

Cross-platform deployment and performance analysis on
smartphones and MR devices
The optimized MobileNet V2 model based on MobiLiteNet was suc-
cessfully deployed on both smartphones and MR devices through
Android application packages (APKs) generated using Android Studio,
as illustrated in Fig. 6a.

For smartphone deployment, the RoadIntelligent application was
developed to enable users to capture images, process them through
the optimized model, and display detection results in real-time. This
implementation utilizes the smartphone’s built-in camera for image
acquisition,with the detection results visualizeddirectly on the screen,
providing immediate feedback on road conditions.

In parallel, the optimizedmodel was also deployed onMR devices
through a specialized implementation of the RoadIntelligent applica-
tion adapted for the MR environment. The MR version of Road-
Intelligent enables direct visualization of detection results as overlays
on the physical road surface. This implementation features gesture-

based interface controls for hands-free operation, allowing inspectors
to examine, categorize, and document distress without interrupting
their workflow. The spatial registration capabilities of the Road-
Intelligent MR application provide immediate contextual information
while preserving the computational efficiency of the underlying
MobiLiteNet-optimized model.

To evaluate the performance across different hardwareplatforms,
end-to-end processing time was measured for each model variant on
both smartphones and MR devices, as presented in Fig. 6b. For these
speed tests, ten randomly selected images from test set consistent
across all evaluationswere used, with the reported values representing
the average processing times. The processing time includes image
preprocessing, model inference, and result visualization. On smart-
phones, the fully optimized Model 5 achieved an impressive proces-
sing time of 34.5ms, representing a 71.8% reduction compared to the
baseline MobileNet V2 (122.3ms) and an overwhelming 94.2% reduc-
tion compared to ResNet (592.6ms). Similar performance improve-
ments were observed on MR devices, where Model 5 achieved a
processing timeof 40.1ms, representing an86.1% reduction compared
toMobileNet V2 (288.9ms) and a 97.2% reduction compared toResNet
(1450.4ms). The results demonstrate that each progressive optimiza-
tion step in the MobiLiteNet framework contributes to substantial
improvements in processing efficiency.

The MobiLiteNet-optimized model delivers several key benefits
formobile-based roaddistressdetection. The reducedprocessing time
(34.5ms on smartphones, 40.1ms on MR devices) enables real-time
detection at operational speeds critical for efficient field inspections.
The smaller model size (from 8.9MB to 0.6MB) allows deployment
across diverse hardware configurations while minimizing storage
requirements. These optimizations extend device battery life during
field operations and enable concurrent execution with other applica-
tionswithout performancedegradation. The significant improvements
in processing efficiency (71.8% reduction on smartphones, 86.1% on
MR devices) directly translate to reduced operational costs, enhanced
accessibility, and improved scalability for practical road monitoring
implementations.

Field validation using smartphones and MR devices
To evaluate the practical effectiveness of the model, extensive field
validations were conducted in Aachen, Germany, as illustrated in
Fig. 7a and demonstrated in Supplementary Movies 1 and 2. The tests
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Fig. 6 | Practical deployment and performance comparison on mobile devices. a Smartphone-based and MR-based application deployment visualization. Contains
elements by macrovector via Freepik Free License. b End-to-end processing time comparison of different models on mobile devices.
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were performed using the same smartphone and MR device config-
urations that were utilized during the training and development pha-
ses, ensuring consistency in the assessmentof real-worldperformance.

For smartphone-based validation, a comprehensive dataset of
400 road distress images was collected across various locations in
Aachen, equally distributed among the four distress categories: 100
images each of longitudinal cracks, transverse cracks, alligator cracks,
and broken road markings. The detection results are summarized in
the confusion matrix presented in Fig. 7b, which demonstrates high
classification accuracy across all categories. The overall accuracy
achieved was 92.5%. These results validate the model’s robust perfor-
mance in real-world conditions, despite variations in lighting, camera
angles, and environmental factors that differ from the controlled
training environment.

TheMR-based validationwas conducted using the same field sites
but employed a different data collection approach suitable for the MR
platform. Besides the RoadIntelligent application (see Supplementary
Fig. 1), a complementary MR-based YOLO application using YOLOv8
(see Supplementary Fig. 2) was developed to provide a comprehensive
evaluation of the proposed MobiLiteNet framework in real-world
scenarios through comparative analysis. The dataset preparation for
this YOLO implementation is detailed in the Supplementary Informa-
tion document. This state-of-the-art object detectionmodel serves as a
benchmark to assess the RoadIntelligent application’s balance
between detection accuracy and computational efficiency in field
conditions.

A total of 200 high-resolution images (1440 × 1440 pixels) were
captured and analyzed, with 50 images for each of the four distress
categories. Both the RoadIntelligent application, based on the opti-
mized MobileNet V2 model, and the YOLO application, based on
YOLOv8, were used for comparative analysis. It should be noted that
these applications perform different types of tasks—RoadIntelligent
performs classification while YOLO performs object detection—and
were trained on different datasets. The RoadIntelligent dataset was
entirely self-collected, while YOLO utilized both field-acquired and
publicly available data, with transportation engineers standardizing
annotation criteria across both systems. Thus, the comparison pro-
vides an engineering reference rather than a direct functional
equivalence. The detection accuracy and processing speeds of both
applications are presented in Fig. 7b. The RoadIntelligent application
achieved 91% accuracy with significantly faster detection times
(87ms), while the YOLO application reached 92.5% accuracy but
required substantially longer processing times (2316ms). Despite the
marginally lower accuracy (1.5% difference), the RoadIntelligent
application processed images nearly 27 times faster than the YOLO
application. This comparison demonstrates the balanced trade-off
achieved by the optimized MobileNet V2 model, which maintains
competitive detection accuracy while delivering the computational
efficiency necessary for real-time road distress detection on resource-
constrained devices.

The field validation results confirm that the MobiLiteNet frame-
work’s systematic optimization approach effectively balances

Fig. 7 | Experimental setup and performance for real-world road monitoring.
aGeographic distributionoffield detection sites in Aachen.Map tiles adapted from
Stamen Design under CC BY 3.0. Data © OpenStreetMap contributors (ODbL).

bDetection performancemetrics across devices andmodes. Contains elements by
studiogstock and freepik via Freepik Free License.
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detection accuracy and computational efficiency in real-world
deployment scenarios.

All detection results were automatically saved on the respective
devices with timestamps. These data are scheduled for subsequent
upload to a cloud database system, ensuring effective data integration
for large-scale road condition monitoring and supporting real-time
infrastructure management decisions. This systematic approach to
data collection and management demonstrates the scalability of the
proposed solution for widespread implementation in road main-
tenance programs, contributing to more efficient and timely infra-
structure management.

Discussion
Thepresent study introducesMobiLiteNet, a lightweight deep learning
framework optimized for real-time roadmonitoring, enabling efficient
deployment on smartphones and MR devices. By integrating ECA,
structural refinement, sparse knowledge distillation, structured prun-
ing, and quantization, the framework significantly reduces model
complexity while maintaining high accuracy. ECA enhances feature
representation, knowledge distillation ensures strong generalization
from high-capacity teacher models, and pruning with quantization
optimizes execution efficiency on embedded platforms. These opti-
mizations collectively bridge the gap between high-performance deep
learning models and resource-constrained environments, facilitating
their deployment on mobile devices. The workflow includes data col-
lection, model optimization, mobile deployment, and field validation,
forming a seamless and scalable pipeline for accurate road distress
detection in real-world applications.

In the dataset construction and augmentation phase, diverse road
distress images were collected from multiple geographical regions,
including Aachen (Germany), Beijing (China), and Swansea (United
Kingdom), capturing variations causedbydifferent climatic conditions
and traffic patterns. The use of WGAN-GP for data augmentation sig-
nificantly enhanced the dataset’s robustness, addressing class imbal-
ance and improving the model’s ability to generalize to unseen data.
This comprehensive approach to data preparation ensured that the
models were trained on a diverse set of images, contributing to their
high performance during field validation.

Themodel optimization process demonstrated the effectiveness of
the MobiLiteNet framework. The transition from server-side training to
mobile deployment enabled successful integration into the Road-
Intelligent application on both smartphone and MR platforms. The
ablation studies confirmed each component’s contribution to the fra-
mework’s overall performance, validating that the combined optimiza-
tion approach effectively addresses the computational constraints of
mobile devices while maintaining robust detection capabilities.

The deployment across smartphone and MR platforms demon-
strates the framework’s versatility in diverse operational contexts.
Smartphones enable accessible, widespread deployment, while MR
devices provide enhanced visualization capabilities for inspectors.
This dual-platform approach significantly expands the potential
application scenarios for automated road distress detection in various
operational environments.

Field validation conducted in Aachen, Germany, provided real-
world evidence of the optimized model’s robustness and general-
ization capabilities. The RoadIntelligent application demonstrated
high detection accuracy with efficient processing speeds, enabling
real-time analysis on resource-constrained devices. Comparative test-
ing against the YOLO application revealed that while both achieved
similar detection accuracy, the MobiLiteNet-optimized model pro-
cessed images significantly faster than the more complex YOLO
alternative. This performance advantage validates the effectiveness of
the optimization techniques in operational environments and affirms
the framework’s potential for enhancing roadmaintenance operations
and infrastructure management.

In conclusion, the MobiLiteNet framework provides a strong
foundation for the next generation of automated infrastructure assess-
ment systems. Its adaptability to smartphones and MR platforms sup-
ports diverse applications beyond road monitoring, such as early
warning systems for visually impaired individuals and broader smart city
initiatives. The fusion of mobile computing with artificial intelligence,
demonstrated by advancements in AR technologies like Meta’s Orion
glasses, highlights the potential for enhancing real-time infrastructure
monitoring and situational awareness. Despite these strengths, several
limitations persist. The current implementations of RoadIntelligent and
YOLO applications represent initial prototypes with basic functionality
focused primarily on demonstrating technical feasibility rather than
comprehensive solutions. The model’s dependence on high-quality
input data may limit performance in environments with poor image
quality or inconsistent data. Additionally, extreme conditions such as
severe weather or low-light scenarios can affect detection accuracy.
Future research will aim to improve the model’s robustness under
adverse conditions, incorporate multi-sensor data for greater resilience,
and develop more comprehensive real-world applications with
enhanced user interfaces, expanded distress classification capabilities,
and integration with existing infrastructure management systems.
Addressing these challenges in future studies will enableMobiLiteNet to
significantly contribute to the development of intelligent, inclusive, and
resilient urban environments.

Methods
Experiment environment
The experimental setup for this study involved diverse hardware
platforms to evaluate the performance of theMobiLiteNet framework.
Model training and optimization were conducted on a high-
performance server equipped with an NVIDIA RTX 4090 GPU (24 GB
VRAM) using Python 3.10 and PyTorch 2.4. For mobile deployment,
a Huawei P40 smartphone, powered by a Kirin 990 5G chipset with
8 GB RAM and Android 10, was used to assess real-time performance
under typical mobile conditions. The development environment uti-
lized Android Studio Ladybug Feature Drop for application imple-
mentation. Additionally, MR deployment experiments were carried
out using theMetaQuest 3, featuring a Snapdragon XR2Gen2 SoC and
8 GB DRAM.

ECA for feature enhancement
ECA39 is a lightweight attention mechanism designed to enhance
channel-wise feature representation in CNNs. Unlike traditional
attention mechanisms that rely on fully connected layers, ECA intro-
duces a simple yet effective approach using a one-dimensional con-
volution operation without dimensionality reduction. This method
allows for efficient modeling of cross-channel interactions while
maintaining low computational complexity.

The core principle of ECA is to capture local cross-channel
dependencies by applying a 1D convolution with an adaptive kernel
size determined based on the number of channels39. This eliminates
the need for additional parameters or complex transformations,
ensuring computational efficiency. The kernel size is selected to bal-
ance the trade-off between model capacity and efficiency, enabling
effective attention allocation across channels. As a result, ECA
improves the model’s ability to focus on informative features, enhan-
cing performance in various computer vision tasks.

Knowledge distillation
Knowledge distillation is a model compression technique designed to
transfer knowledge from a large, high-capacity teacher model to a
smaller, more efficient student model. The goal is to retain the per-
formance of the teacher model while significantly reducing the com-
putational complexity, making the student model suitable for
deployment on devices with limited computational resources.

Article https://doi.org/10.1038/s41467-025-59516-5

Nature Communications |         (2025) 16:4212 9

www.nature.com/naturecommunications


The core principle of knowledge distillation is to train the student
model to approximate the behavior of the teacher model. Tradition-
ally, this is achieved by minimizing a distillation loss function that
incorporates both soft target and hard target losses40. In this work, the
distillation framework is extended by introducing an additional L1
regularization term to enhance model sparsity, thereby improving
generalization and facilitating model pruning44. L1 regularization is
selected over L2 regularization for its ability to promote true sparsity
by driving parameters to zero, directly supporting the subsequent
pruning operations essential for mobile deployment.

The conventional distillation loss consists of two primary com-
ponents: the soft target loss, which captures knowledge from the
teacher model, and the hard target loss, which ensures alignment with
ground-truth labels. This is formulated as40:

Ldistill = Lsoft + Lhard ð1Þ

The soft target loss, typically implemented usingKullback–Leibler
(KL) divergence58, measures the discrepancy between the student’s
output distributionqs and the softened teacher’s output distributionqt

at temperature T40:

Lsoft = T2 � KLðqt k qsÞ=T2 �
X

i

qi
t log

qi
t

qis
ð2Þ

The hard target loss represents the conventional cross-entropy
loss between the student model’s predictions and the true ground-
truth labels y40:

Lhard = �
X

i

yi logq
i
s ð3Þ

This term ensures that the student model not only mimics the
teacher’s predictions but also aligns with true labels, preserving clas-
sification accuracy.

To further improve model efficiency, an L1 regularization term is
introduced to encourage sparsity in the model parameters. This helps
reduce computational complexity and enhances pruning effectiveness
in subsequent optimization stages. The L1 regularization term is for-
mulated as44:

Lreg = λjjθjj1 = λ
X

j

jθj j ð4Þ

where λ is a hyperparameter that controls the strength of regulariza-
tion, with larger values encouraging greater sparsity in the model
parameters.

By incorporating L1 regularization into the traditional knowledge
distillation framework, the final loss function is defined as:

Ldistillnew = Lsoft + Lhard + λk θ k1 ð5Þ

By combining these three components, the distillation loss
ensures that the student model not only learns from the teacher’s
comprehensive feature representations but also aligns with the true
labels while maintaining a sparse and efficient architecture. This
approach effectively balancesmodel performancewith computational
efficiency, making knowledge distillation a powerful tool for model
optimization.

Structured pruning
Structured pruning is a model compression technique aimed at
reducing the computational complexity andmemory footprint of deep
neural networks by removing entire structures41 such as filters, chan-
nels, or layers, rather than individual, unstructured weights. Unlike

unstructured pruning, which leads to sparse matrices and often
requires specialized hardware for efficient inference, structured
pruning maintains the dense matrix format, ensuring compatibility
with standard hardware and software libraries while significantly
improving inference speed and reducing model size.

In this work, channel pruning is employed as the primary struc-
tured pruning strategy. The pruning strategy is guided by the sparsity
regularization introduced during the knowledge distillation process,
which encourages the development of sparse representations in the
model. Channel pruning focuses on eliminating less important chan-
nels in convolutional layers based on their contribution to the overall
model performance41. This is achieved by evaluating the importanceof
each channel using a predefined criterion, such as the magnitude of
the channel’s weights or its impact on the model’s output. Channels
with lower significance are pruned, effectively reducing the number of
computations required during inference while maintaining the mod-
el’s accuracy.

The importance of channels is assessed through an iterative
process, where the model undergoes fine-tuning after each pruning
step to recover any potential loss in performance. By incorporating
channel pruning, the model achieves a balanced trade-off between
efficiency and accuracy, facilitating deployment on resource-
constrained devices.

Wasserstein Gan with gradient penalty (Wgan-Gp) for data
augmentation
A GAN59 is a generative model based on game theory that consists of
two networks: a generator G, which generates synthetic samples from
noisyvariables, and adiscriminatorD,which represents theprobability
of deciding a given sample as real data.

The original GAN network training is unstable and very sensitive
to hyperparameters, which can also lead to model collapse. Wasser-
stein GAN (WGAN)60. utilizes the distance between the probability
distribution of real samples and of generated samples, rather than the
discriminator-based objective function, to solve the pattern collapse
problem. The loss function of WGAN is shown in Eq. (1)60.:

L= Ex�Pg
DðxÞ½ � � Ex�Pr

DðxÞ½ � ð6Þ

However, it is observed that most of the weights are at critical
values after theweights are clipped, i.e., theweights are–CorC inmost
cases, which largely limits the fitting ability of WGAN and can easily
lead to the problems of gradient explosion and gradient dis-
appearance. To solve these problems, Gulrajani et al. proposedWGAN-
GP, which can improve the clipping weights by utilizing the gradient
penalty. The loss function of WGAN-GP is defined as follows50:

L=Ez�Pz zð Þ D Gθ zð Þ� �� �� Ex�Pr xð Þ D xð Þ½ �+ λEx̂�Px̂ ðx̂Þ ðk ∇x̂DθD
x̂
� � k

2
� 1Þ2

h i

ð7Þ

Compared withWGAN, the training process of WGAN-GP is faster
and more stable.

Mobilenet V2 architecture
MobileNet V2, an enhancement of MobileNet V1, employs depth-wise
separable convolutions, significantly reducing both the computational
load and the number of parameters48. Furthermore, MobileNet V2
incorporates Linear Bottlenecks and Inverted Residuals, which
improve its accuracy and efficiency.

The training process employed the adaptive learning rate tuning
algorithmRMSProp (RootMean Square Proposition)61 to compute and
update the network parameters, aiming to reach optimal values and
minimize loss.
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Format conversion and APP development
Following optimization, the optimized MobiLiteNet-based improved
MobileNet V2 model was converted to TFLite56. format using AI Edge
Torch. The process involved loading the pre-trained PyTorch model,
transferring it to a CPU environment, and generating sample inputs for
validation. The model was then transformed into an edge-compatible
format, ensuring numerical consistency between the original and
converted outputs. Finally, the optimized model was exported as a
TFLite file, enabling efficient deployment on mobile and MR devices.
For the YOLOv8 model, the conversion process involved multiple
steps: first, the model was exported from PyTorch format (.pt) to
ONNX (Open Neural Network Exchange) format. Next, the ONNX
model was converted to TensorFlow format (.pb) using an automated
conversion tool, preserving the model’s architecture and weights. The
TensorFlow model was further optimized using TensorFlow’s model
transformation tools before being converted into TFLite format to
enable efficient inference on resource-constrained devices.

The developed applications were implemented in Java and Kotlin
within the Android Studio environment. These applications integrated
the optimized TFLite models, facilitating real-time road distress
detection on both Android smartphones and MR devices, while
ensuring low-latency inference and seamless user interaction.

Uploading detection results to the cloud database via API
The detection results from both smartphone and MR devices were
automatically saved with timestamps. These structured datasets are
scheduled for upload to cloud storage and future uploading to the
German open-access database Mobilithek, which aims to support
large-scale road condition monitoring and enabling comprehensive
infrastructure management decisions based on temporally and spa-
tially accurate distress information.

To facilitate this process, an API interface leveraging Google Drive’s
REST API was implemented, ensuring secure and efficient data transfer.
The procedure involved establishing a secure connection with the
Google Drive API using OAuth 2.0 credentials, which included obtaining
and managing access tokens for session authentication. Detection
results were compiled into a structured format, typically JSON or CSV,
incorporating metadata such as timestamps, device IDs, and location
coordinates. A new file was created in Google Drive to store these
results. The structured detection results were then uploaded to this
newly created file using a multipart upload request, efficiently handling
large datasets. Upon successful upload, the API returned a confirmation
response containing the file ID and a link to the uploaded file, which was
logged for auditing purposes to ensure traceability.

Data availability
The data generated in this study have been deposited in the Figshare
repository database under accession code https://doi.org/10.6084/
m9.figshare.28404875.v2 62. Additional data supporting the results are
available within the manuscript and the Supplementary Information.
Source data for all figures and tables are provided with this
paper. Source data are provided with this paper.

Code availability
The code for MobiLiteNet, the optimized MobileNet V2 variants, and
other baseline models has been archived and is publicly available via
Zenodo at https://doi.org/10.5281/zenodo.15227777 63.
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