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Abstract: Accurate detection of vehicle damages such as dents, scratches, and cracks is essential for improving the efficiency,
consistency, and scalability of insurance claim assessment. Conventional inspection procedures rely heavily on manual
evaluation, making them time-consuming, subjective, and costly. To address these limitations, this paper presents a three-
stage progression of mixture-of-experts (MoE)–based classification models trained on the CarDD dataset, which contains 4,000
COCO-annotated vehicle damage images. The study begins with a baseline RawMoE model operating on flattened image
representations, followed by ResMoE-50, which incorporates ResNet-50 for deep feature extraction. Building upon these
foundations, we propose CropResMoE-50, a region-aware hybrid architecture that integrates object-level cropping with scale-
specific analysis to enhance spatial localization and classification accuracy. Extensive experiments on the CarDD benchmark,
together with comparisons against established baselines including ResNet-50, EfficientNet-B0, and Swin-T, demonstrate that
CropResMoE-50 achieves strong performance with favorable computational efficiency (24.8M parameters, 4.13 GFLOPs, and
approximately 0.006 s inference latency). The model attains 89.30% test accuracy and average precision scores of 87.70%,
93.45%, and 98.12% for small, medium, and large objects, respectively. To extend practical applicability, a semi-automated
labeling pipeline integrating ChromaDB is introduced to support retrieval-augmented learning and pseudo-labeling under
uncertainty. Additional validation on a real-world insurance dataset from a real-world insurance company confirms robust
generalization, achieving 83.33% accuracy. Overall, the proposed framework offers a scalable, interpretable, and deployment-
ready solution for automated vehicle damage assessment.
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I. INTRODUCTION
Manual inspection of vehicle damage remains a persistent bottle-
neck in automotive insurance workflows, often introducing delays,
inconsistencies, and subjective evaluations. These shortcomings
are exacerbated by the limited nature of existing datasets, which
typically suffer from class imbalance and constrained perspectives
and factors that undermine fine-grained recognition of damage
types such as dents, scratches, and cracks. Although machine
learning has been widely applied to object detection tasks, the
integration of mixture of experts (MoE) with hybrid embedding
strategies for specialized and imbalanced datasets remains
underexplored.

The lack of robust multi-angle benchmarks further hinders the
generalizability of current models in real-world scenarios. While
the CarDD dataset provides a standardized basis for damage
classification research, few studies have fully utilized its potential
to assess MoE architectures in tandem with deep visual embed-
dings. Moreover, there is a critical gap in data augmentation
strategies tailored to low-frequency classes, limiting detection
accuracy for underrepresented damage types.

Conventional deep learning models, such as YOLO and
ResNet, have shown promising results in generic object detection
tasks [1,2]. However, these models tend to underperform when
applied to domain-specific challenges like vehicle damage classi-
fication, particularly in the presence of small-object occlusion, low-
contrast features, and rare class instances [3,4]. This limitation
necessitates the design of adaptive architectures that can capture
localized visual patterns and handle long-tail class distributions
with greater precision [5,6].

To address these challenges, this research proposes a hier-
archical and hybrid solution grounded in MoE architectures.
Specifically, we introduce three progressively refined models:
RawMoE, ResMoE-50, and CropResMoE-50. The RawMoE
model serves as a foundational benchmark, operating directly
on raw pixel inputs to explore MoE capabilities in isolation [7,8].
Building upon this, ResMoE-50 integrates a ResNet-50 back-
bone for feature extraction, enabling the model to learn from
spatially rich, pretrained embeddings [9]. The most advanced
version, CropResMoE-50, further enhances performance by
incorporating object-cropped regions and size-aware analysis
through bounding box metadata, facilitating fine-grained focus
on damaged areas.

This paper’s key contributions are threefold:

1. Application of MoE in Damage Detection: We demonstrate
the suitability of MoE architectures in navigating theCorresponding author: Kamching Cheng (e-mail: chengkam.ching@gmail.com).
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complexity and imbalance of real-world car damage datasets, a
direction not adequately explored in prior work [2,10].

2. Proposal of CropResMoE-50: By coupling a refined routing
mechanism with object-level cropping, the model significantly
boosts classification accuracy for challenging damage types,
particularly small-size or obscured defects [11,12].

3. Deployment-Oriented Validation: We validate the model’s
real-world applicability by automating damage triage in insur-
ance claim scenarios, effectively reducing the need for manual
visual assessment [1,5,12,13]. Furthermore, we introduce a
semi-automated labeling pipeline that integrates retrieval-aug-
mented memory via ChromaDB, enabling confidence-aware
pseudo-labeling which is a novel extension that bridges pre-
diction with transparent decision support for low-cer-
tainty cases.

These contributions fill notable gaps in the literature. While
previous research has evaluated MoE on large-scale datasets, its
application to highly specialized classification tasks—particularly
those involving rare or fine-grained classes—remains limited
[3,5,6,14]. Similarly, few studies have addressed the implications
of class imbalance using task-specific preprocessing or expert
selection mechanisms.

Within this research framework, we pose two guiding ques-
tions: (1) under what conditions do MoE-based models surpass
conventional deep networks in complex visual classification tasks?
and (2) Can a hybrid architecture combining MoE and deep
embeddings meaningfully improve detection performance in
highly imbalanced, real-world datasets? To answer these, we
design and evaluate hybrid MoE architectures tailored for automo-
tive damage classification, setting a target performance benchmark
of at least 85% test accuracy. In doing so, this study aims to bridge a
critical research–practice divide by delivering scalable, deployable
models for next-generation damage assessment systems.

The rest of the paper is organized as follows. Section II reviews
related work. Section III outlines the methodology. Section IV
details our three MoE models: RawMoE (baseline), ResMoE-50,
and CropResMoE-50. Section V describes dataset preparation and
localized region extraction strategy. Section VI presents the exper-
imental setup with state-of-the-art baselines. Section VII analyzes
results showing progressive model improvements and competitive
performance. Section VIII discusses practical implications. Section
IX introduces the semi-automated labeling pipeline with Chro-
maDB. Section X concludes the paper, and Section XI proposes
future work.

II. RELATED WORK
Recent developments in MoE and model fusion strategies have
demonstrated notable progress in addressing multi-modal and
class-imbalanced classification challenges. For instance, [15] intro-
duced a multi-task MoE-based fusion method that unifies diverse
models within a cohesive structure, allowing domain-specific
specialization without compromising generalization. Such flexible
architectures have proven highly effective in tasks requiring preci-
sion across heterogeneous inputs [11,12,16–19].

One of the key datasets in this domain, the CarDD dataset
introduced by Wang et al. [14], provides a foundational bench-
mark for vehicle damage detection research. With over 4,000
high-resolution images and more than 9,000 annotated instances
across six damage categories, CarDD is the first publicly available
dataset tailored for fine-grained vehicle damage classification and

segmentation. Nevertheless, this methodology presents consider-
able challenges, notably class imbalance and scale variability,
with these problems being most acute for less common defect
categories, including dents, cracks, and scratches. [4,5,20,21,
21–26]. While CarDD enables classification benchmarking,
most existing models prioritize bounding box accuracy over
holistic workflows such as auto-labeling or semantic confidence
filtering which are limitations that motivate the integration of
retrieval-augmented tools like ChromaDB. These conditions
necessitate specialized architectures that go beyond generic
object detectors.

Traditional models like YOLO, U-Net, and Mask R-CNN
have served as baseline solutions in this space. However, their
fixed-capacity architectures struggle with allocating focus dynam-
ically, especially when identifying fine-grained, small-sized da-
mages in noisy or cluttered scenes [1,4,7,13,27]. Additionally,
many detection-focused architectures prioritize bounding box pre-
cision over semantic clarity, often producing labels that are spa-
tially correct but semantically ambiguous. This limitation is
especially problematic for classes like “dent” or “paint scratch,”
where spatial cues alone may be insufficient. MoE architectures, on
the other hand, are designed to allocate computational focus based
on input characteristics through a dynamic routing mechanism.
This selective activation enables the model to better handle het-
erogeneous data distributions and visually subtle variations across
classes [6,10].

Expanding on this, [10] explored Gated MoE (GMoE) con-
figurations with domain-specific constraints to improve model
interpretability and modular task decomposition. This flexibility
is particularly vital in insurance contexts, where trust and audit-
ability of predictions play a crucial role in operational deployment
[5,7,28]. Additionally, the adaptability of MoE becomes even more
evident when extended to domains beyond vision, providing
valuable design analogs for vehicle damage assessment systems.
While GMoE models effectively showcase the interpretability and
robustness of MoE architectures, they are designed for static or
uniform data conditions, making them poorly suited for vehicle
damage datasets with their inherently high intra-class variance. In
contrast, vehicle damage datasets exhibit high intra-class variance,
illumination noise, and overlapping object scales, requiring more
dynamic and scale-awareMoE implementations. Existing literature
rarely explores the impact of focal loss or SoftMax calibration
within MoE gates, particularly when applied to long-tail distribu-
tions like cracks or scratches. This study empirically investigates
how tuning these loss functions can reshape expert attention in
imbalanced domains.

Indeed, recent studies on natural language inference (NLI)
have introduced the mixture of prompt experts (MOPE) framework
to dynamically handle prompt-based classification using an MoE-
inspired structure [8,29–33]. These approaches show how expert
specialization can increase sensitivity to domain-specific features, a
principle that holds true in detecting subtle visual damage cues.

In real-time sorting systems, [11,12] applied MoE to integrate
neural networks with Kalman filtering, enabling enhanced predic-
tion accuracy in stochastic environments. This hybrid learning
formulation supports the hypothesis that MoE architectures are
particularly suited for dynamic, noisy, or high-variance datasets
which is a condition similar to car damage detection in uncontrolled
environments [1,2].

Few studies have examined how MoE-based vision pipelines
respond under constraints such as partial occlusion, inconsistent
lighting, or non-standard viewpoints, all of which are common in
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real-world car inspection scenarios. While Mask R-CNN and
YOLO offer spatial detection, they often lack class-level certainty
estimates needed for downstream auto-labeling or confidence-
based triage.

Moreover, hybrid MoE approaches in environmental sound
classification have leveraged attention-based routing to improve
expert selection. As shown in [30], selectively attending to dis-
criminative temporal features allowed better generalization in noisy
conditions. This method of conditional expert activation offers a
viable direction for fine-tuning vision-based models to detect
infrequent or ambiguous damage types like hairline cracks or light
scratches [3,6,23,34].

Another critical factor in fine-grained classification is deep
feature extraction. Architectures such as ResNet remain vital due to
their residual connections and ability to learn robust representa-
tions, especially for localized features in small-object detection
[5,7,9,35,36]. However, YOLO-based pipelines, while optimized
for real-time processing, are less effective in detecting minor
anomalies, given their coarse-grained bounding strategies
[4,6,28,37–40].

In conclusion, the reviewed literature strongly advocates for
hybrid, expert-routed models in domains characterized by class
imbalance and spatial variability. This body of work forms the
foundation upon which this study builds its MoE-ResNet hybrid
pipeline, targeting both improved performance and scalability in
real-world car damage classification applications. While prior work
has explored MoE in various domains, including NLP and sensor
fusion, few studies have appliedMoE to vision tasks requiring fine-
grained, localized attention within unstructured environments like
vehicle damage. This highlights a critical gap that this study seeks
to fill and not merely by applying MoE but by tailoring the expert
routing and fusion logic to accommodate real-world insurance
inspection constraints. This study distinguishes itself not only
through architectural innovation but also by proposing a complete
semi-automated annotation framework that bridges the gap
between isolated classification models and deployable, explainable
systems fit for industry-scale insurance workflows.

III. METHODOLOGY
This study follows the Analytics Solutions Unified Method
for Data Mining (ASUM-DM) framework [41], which extends
the classic CRISP-DM methodology [42–44] with enhancements
for iterative delivery, model reuse, and integration with
modern analytics platforms. ASUM-DM is structured into seven
process groups: Analyze, Design, Configure & Build, Deploy,
Operate & Optimize, and Project Management. These phases
are adapted to guide the lifecycle of a deep learning-based
vehicle damage classification system from planning through
deployment.

Analyze Phase: The project commences with defining the
business objective of automating fine-grained car damage detection
for insurance workflows. The key challenges identified include
class imbalance, small-object detection, and the need for scalable
pseudo-labeling. A risk assessment is performed to ensure data
privacy, especially given the inclusion of real-world claims photos.

Design Phase: Data understanding and feature design are
driven by the Car Damage Dataset (CarDD), a public benchmark
containing over 4,000 high-resolution images and six annotated
damage types. To improve feature discrimination, the original
COCO-format dataset is supplemented with manually cropped
damage patches, organized into size classes: small, medium, and

large. Preprocessing pipelines are developed using OpenCV and
PIL to normalize image resolution (224 × 224) and prepare class-
consistent crops. All images are converted to RGB, and augmen-
tation (rotation, noise, and brightness adjustment) is applied to
address class imbalance in particularly for underrepresented dam-
age types like cracks and scratches.

Configure & Build Phase: Three MoE-based models are devel-
oped: (1) RawMoE: A baseline MoE model using raw pixel vectors
as input. (2) ResMoE-50: Integrates ResNet-50 as a fixed feature
extractor before the MoE gating layer. (3) CropResMoE-50: Builds
on ResMoE-50 with a region-based input strategy, enabling scale-
aware learning across size-diverse damage types. All models are
trained using focal loss with various α and γ configurations to
address label imbalance. Training and validation follow an 80/20
split, and performance was evaluated using accuracy, AP, and
confusion matrices.

Deploy Phase: Although full-scale deployment is beyond the
scope of this journal, a simulated deployment environment is
established. This involved packaging the trained model using
PyTorch and ONNX formats and integrating it with a semi-
automated annotation pipeline that supports fallback retrieval
via ChromaDB. Inference APIs were designed to process new
crops and return class predictions alongside retrieval-supported
confidence overlays.

Operate & Optimize Phase: System performance is continu-
ously monitored during pseudo-labeling runs on unseen data
batches. Outputs were compared against expert labels, and high-
confidence predictions (τ> 0.6) were retained for dataset expan-
sion. Feedback loops are proposed to enable future integration of
active learning mechanisms.

Project Management: The research employed iterative devel-
opment cycles aligned with ASUM-DM phases, with regular
supervisor consultations guiding progress and refinements. Key
performance indicators included labeling accuracy, model through-
put, and usability of the annotation interface.

IV. PROPOSED MODELS
This study proposes three deep learning models based on the MoE
paradigm: RawMoE, ResMoE-50, and the enhanced CropRes-
MoE-50. These models progressively integrate embedding tech-
niques and spatial localization to improve the detection of car
damage across varying sizes and categories. Table I presents a
high-level comparison of the proposed models. The underlying
hypothesis is that combining MoE with deep feature extractors and
scale-aware preprocessing enables better specialization and dis-
crimination, especially under class imbalance.

A. RAWMOE: FLATTENED IMAGE APPROACH

The RawMoE model (Fig. 1) uses an MoE architecture to classify
vehicle damage based on images from the CarDD dataset. To
reduce computational complexity, the images are resized to 64 × 64
pixels and then flattened into a 12,288-dimensional feature vector
(64 × 64 × 3), sacrificing spatial locality in favor of computational
simplicity. This design highlights the baseline behavior of MoE
without spatial inductive bias, forming a contrast with the later
models. The architecture of RawMoE consists of five experts, each
with distinct components:

1). INPUT LAYER. The input to the MoE model is a flattened
RGB image (x ϵ R12288), representing each pixel value of a resized
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64 × 64 image with three color channels (Red, Green, and Blue).
Flattening the image allows us to convert the spatial pixel infor-
mation into a single vector, making it suitable for feeding into a
fully connected neural network. Hidden Layer (Expert Output):
Each expert processes the input through a hidden layer, which can
be mathematically represented as:

hi = ReLUðW1,i · x + b1,iÞ

• x represents the input vector to the expert model where each
element of x contains the pixel intensity value for one of the
RGB color channels at a specific pixel location of the image.

• W1,i represents the weight matrix of learned parameters spe-
cific for expert iwhich transforms the input vector. It has a size
that is compatible with the input vector.

• b1,i is the bias vector added to ensure flexibility in learning.
Each expert in the MoE architecture has its own unique bias. It
has the same dimensionality as the output of the hidden layer
which is 128 units.

• ReLU (rectified linear unit) is used as the activation function to
introduce nonlinearity. This helps the model capture more
complex patterns in the data by retaining positive values and
setting negative values to zero, using 128 units in this case.

2). OUTPUT LAYER (EXPERT PREDICTION). The output from
each expert, denoted by yi, is calculated using:

yi = W2,i · hi + b2,i

• W2,i and b2,i are the weight and bias for the output layer of the
expert i, respectively.

Table I. Comparison of the proposed models

Feature RawMoE ResMoE-50 CropResMoE-50

Input representation Flattened pixel intensities
(12,288)

Global features vectors (2048) Localized feature vectors (2048)

Feature richness Low (none) High (entire image) Very high (localized damage regions)

Learning complexity Limited to raw data Enhanced by hierarchical feature
extraction

Focused on localized damage regions

Accuracy Lower Higher Highest

Expert specialization Less effective More focused due to richer features Highly specialized and aligned with real-world
scenarios

Noise handling None Moderate High: noise-free inputs

Fig. 1. Conceptual overview of MoE-based damage detection showing expert specialization.
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• The output yi corresponds to the prediction made by the expert
i for the given input, specifically predicting the class label for
the vehicle damage categories (Dent, Scratch, Crack, Tire Flat,
Lamp Broken, and Glass Shatter).

3). ROUTER (SOFTMAX-BASED ROUTING NETWORK). A cru-
cial aspect of the MoE model is the routing network, which
determines which expert or combination of experts should process
a given input. The router assigns inputs based on learned weights
through a SoftMax function:

g = sof tmaxðWr · xþ brÞ

• Wr and br are the weights and bias of the router, respectively.

• The SoftMax function converts the weighted input into a
probability distribution over the experts, where each compo-
nent gi represents the probability assigned to expert i. These
probabilities ensure that each expert contributes to the final
prediction based on the relevance of their specialization to the
given input.

• Here, r denotes the router or routing layer, which dynamically
assigns probabilities for selecting experts in the MoE archi-
tecture. It implies that these weights and biases belong specifi-
cally to the router mechanism.

4). FINAL OUTPUT. The final output of the model is obtained by
aggregating the predictions from all experts, weighted by the
router’s outputs:

y =
XN

i=1

giyi

• Here, N represents the total number of experts (which is five in
this case).

• Each gi is the probability assigned by the router to expert i, and
yi is the corresponding prediction by that expert.

• The final output y is a weighted sum of these predictions,
providing the model’s overall classification for the vehicle
damage type.

The RawMoE model effectively uses an MoE to classify
vehicle damage by distributing the workload across multiple
specialized “experts.” The router dynamically assigns the input
to one or more experts, allowing the model to adapt to different
types of damage by leveraging specialized processing pathways.
This mechanism is particularly advantageous for complex tasks
like vehicle damage detection, where different experts can focus on
different aspects of the image, ultimately leading to a more robust
and accurate prediction.

B. RESMOE-50: A HYBRID APPROACH

While RawMoE demonstrates baseline classification through
simplified inputs, its limitation in capturing spatial hierarchies
prompted the introduction of ResMoE-50. The ResMoE-50
model is a hybrid approach that combines the strengths of
ResNet-50 and the MoE architecture. This model aims to address
the limitations of raw pixel-based processing in the RawMoE
model by utilizing deep feature extraction to provide a semanti-
cally richer and more abstract representation of vehicle damage.
Specifically, ResNet-50, a state-of-the-art convolutional neural
network (CNN), is used as the backbone for feature extraction,

while the MoE module dynamically assigns these features to
specialized experts for precise classification. This section ex-
plores the integration of ResNet-50 into the MoE framework and
how this combination addresses key challenges in vehicle damage
detection.

1). RESNET-50 AS FEATURE EXTRACTOR. The final fully con-
nected layer of ResNet-50 is removed, and the penultimate layer
outputs a 2048-dimensional embedding for each 224 × 224, Im-
ageNet-normalized input image. These embeddings provide
semantically rich representations of vehicle structures and surface
textures, which are then routed through an MoE head.

The MoE module consists of multiple expert subnetworks and
a gating router. The router operates on the 2048-dimensional
feature vector and assigns input-dependent weights to each
expert, enabling specialization for different damage characteristics
(e.g., edges and scratches vs structural deformation). Compared to
RawMoE, which operates directly on flattened pixels, ResMoE-50
leverages pretrained convolutional features to improve conver-
gence stability, robustness to noise, and discriminative power
for fine-grained damage classes.

2). FEATURE EXTRACTION IN RESMOE-50. In ResMoE-50, the
final classification layer of ResNet-50 is removed to use its second-
to-last layer as a feature extractor. This layer outputs a 2048-
dimensional vector, which encapsulates high-level features sum-
marizing the critical aspects of the input image.

The preprocessing phase involves essential transformations
applied to the dataset images. Each image is resized to a standard-
ized dimension of 224 × 224 pixels to ensure compatibility with the
ResNet-50 architecture. This resizing is accompanied by normali-
zation, which scales pixel values consistently across the dataset.
These steps are critical for achieving efficient training dynamics,
enabling stable gradient propagation, and improving the conver-
gence behavior during neural network training.

During forward propagation, ResNet-50 employs a hierarchi-
cal feature extraction mechanism. The input image progresses
through a network of convolutional layers and residual blocks,
which collaboratively extract and refine features at multiple
abstraction levels. The process begins with identifying basic visual
elements, such as edges and textures, and advances to detecting
complex patterns and shapes. This hierarchical feature extraction
ultimately produces a compact yet information-rich feature vector
that effectively represents the key characteristics of the
input image.

Transfer learning plays a pivotal role in this approach.
ResNet-50, which is a model that was pretrained on the ImageNet
dataset, serves as a solid foundation with robust visual features.
These pretrained features are adapted to meet the specific require-
ments of damage detection tasks, leveraging the network’s prior
knowledge to enhance performance. This strategy accelerates the
training process and improves the model’s accuracy, especially in
ambiguous cases where label overlap or occlusion occurs, an
advantage particularly valuable in complex insurance scenarios.

3). INTEGRATION WITH MOE. The MoE module in ResMoE-50
is tasked with interpreting the 2048-dimensional feature vector
extracted by ResNet-50. It consists of multiple “experts,” each
specializing in certain patterns or damage types, such as dents or
scratches. The router dynamically assigns input features to these
experts based on their learned specialization.

The dynamic routing mechanism is an integral aspect of the
MoE architecture, enabling adaptive decision-making in response
to diverse inputs. At the heart of this mechanism lies the router,
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which serves as a computational decision-maker (Fig. 2). Its
primary function is to evaluate the input features extracted by
ResNet-50 and determine the optimal allocation of these features to
a set of specialized experts. By assigning probabilities to each
expert, the router quantifies the suitability of each expert for
processing the given input. This probabilistic allocation ensures
that the network dynamically directs computational resources to the
most relevant components, thereby optimizing task-specific
performance.

Central to the routing process is the generation of the gating
vector, which encapsulates the probabilistic contributions of each
expert. The router computes this vector by analyzing the input
features, with the constraints that all probabilities collectively sum
to one. This ensures a weighted distribution of responsibility
among the experts, aligning their contributions with the demands
of the input. For instance, in scenarios where an expert exhibits a
high degree of specialization in detecting scratches, and the input
features strongly align with such a task, the router assigns a
correspondingly higher probability to that expert. This dynamic
weighting mechanism allows the model to prioritize relevant
experts while minimizing redundancy, leading to efficient and
targeted processing.

Following the generation of the gating vector, the input
features are forwarded to all experts for parallel processing.
Each expert operates independently, leveraging its distinct learned
parameters to generate intermediate predictions based on its area of
specialization. This framework enables the network to decompose
complex inputs into manageable components, with each expert
addressing specific aspects of the data. For example, an expert
trained on identifying subtle surface irregularities focuses on fine-
grained details, while another, specializing in structural damages,
evaluates broader spatial patterns. This modular design ensures a
comprehensive analysis of the input, even in scenarios character-
ized by high variability or ambiguity.

The final stage of the mechanism involves the aggregation of
expert predictions, weighted according to the probabilities defined
by the gating vector. Experts assigned higher probabilities exert
greater influence on the aggregated output, resulting in a composite
prediction that encapsulates the network’s collective expertise.
This dynamic and adaptive behavior enables the MoE architecture
to effectively handle a wide range of input scenarios, from fine
scratches to extensive structural damages. The approach not only
enhances the model’s predictive accuracy but also underscores its
efficiency and flexibility. By leveraging the strengths of speciali-
zation, adaptability, and resource optimization, the dynamic rout-
ing mechanism positions the MoE architecture as a robust solution
for complex tasks in damage detection and beyond.

ResMoE-50 offers several distinct advantages that enhance its
effectiveness in vehicle damage detection. Leveraging ResNet-50,
the model benefits from semantically rich feature representations,
capturing both local and global patterns in damage images, which
significantly outperforms RawMoE’s reliance on raw pixel inten-
sities. The MoE module further elevates performance through
dynamic specialization, assigning specific experts based on the
input features. For instance, experts focusing on fine-grained edge
patterns handle small scratches, while those analyzing broader
deformations address large dents. Combining ResNet-50’s pre-
trained weights provides a robust foundation, enabling faster
convergence and improved generalization on the car damage
dataset. These attributes collectively position ResMoE-50 as a
highly adaptable and efficient solution for vehicle damage detec-
tion tasks.

C. CROPRESMOE-50: REFINEMENT WITH
LOCALIZED REGION

To further enhance spatial specificity, particularly for fine-grained
damages, we introduced CropResMoE-50, which localizes and

Fig. 2. RawMoE architecture with dynamic expert routing for vehicle damage classification.
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isolates annotated regions before classification. The CropResMoE-50
model represents a pivotal advancement in vehicle damage detection
by concentrating on localized damage regions. Unlike ResMoE-50,
which processes entire images, CropResMoE-50 utilizes bounding
box annotations from the dataset to extract regions of interest
(ROIs) that correspond to specific damage instances. This targeted
region-based approach enables a more refined and focused analysis
by reducing the impact of irrelevant image areas, ensuring that
the model prioritizes critical features directly associated with the
damage.

By combining region-focused processing with ResNet-50’s
robust feature extraction and the dynamic specialization of the
MoE architecture, CropResMoE-50 excels at detecting fine-
grained damage types such as scratches, dents, and cracks. This
approach also effectively mitigates challenges such as class imbal-
ance and the detection of small or subtle damage, providing
enhanced accuracy for nuanced damage scenarios.

Additionally, the model incorporates size-aware analysis to
evaluate performance metrics like accuracy and precision across
varying object scales. This ensures consistent and reliable detec-
tion, regardless of the size or complexity of the damage type. With
its focus on localized analysis and specialized processing, Cro-
pResMoE-50 stands as a highly efficient and accurate solution for
vehicle damage detection, addressing the practical demands of real-
world applications. This approach also supports our semi-auto-
mated labeling pipeline by enabling ChromaDB-assisted confi-
dence scoring on cropped regions, which serves as an efficient
triage mechanism for downstream human validation.

1). DAMAGE REGION LOCALIZATION. Damage region locali-
zation is a critical preprocessing step in the CropResMoE-50
pipeline. Instead of relying on automated detection systems like
YOLOv5, this study leverages pre-annotated bounding boxes
embedded in the dataset to isolate specific areas corresponding
to visible damage such as dents, scratches, or cracks. By extracting
these predefined regions, the model avoids interference from
irrelevant background content, thereby enhancing its ability to
detect and classify fine-grained damage types with greater preci-
sion and consistency.

2). BOUNDING BOX ANNOTATIONS AND DEFINITION. Bound-
ing box annotations are an essential component of the car damage
dataset, which represent the spatial regions within each image that
correspond to specific damage types, such as dents, scratches, or
cracks. These annotations enable precise isolation of relevant
regions, facilitating targeted analysis. A bounding box is defined
by four critical parameters:

• xmin: The horizontal coordinate of the top-left corner of the
bounding box.

• ymin : The vertical coordinate of the top-left corner of the
bounding box.

• WidthðwÞ : The horizontal span of the bounding box.

• HeightðhÞ : The vertical span of the bounding box.

A bounding box is expressed as:
BoundingBox = ðxmin,ymin,w,hÞ. The range of the bounding box
is governed by the conditions:

xmin ≤ x ≤ xmin + w AND ymin ≤ y ≤ ymin + h

This detailed marking of regions is foundational for isolating
specific damage types during preprocessing. For example, a bound-
ing box acts as a virtual rectangle around a damaged area, helping
the model focus exclusively on this region without being distracted

by unrelated parts of the image, like the sky or license plate. These
annotations are carefully created, often through a combination of
expert input and automated tools, ensuring that all damage in-
stances are accurately marked for further analysis.

3). DAMAGE REGION EXTRACTION AND PREPROCESSING.
Once the bounding boxes are defined, the next step is to extract the
ROIs from the images. This ensures that the model processes only
the areas containing damage, improving efficiency and accuracy.
The preprocessing pipeline ensures consistency and compatibility
with the ResNet-50 feature extractor. This process includes the
following steps: Region Selection, Resizing, and Normalization.

Region Selection: For a given input image I with dimensions
H ×W, the corresponding bounding box defines the pixel range
that isolates the damage region. The cropped region is expressed as
Icrop = I½ymin∶ymin + h,xmin∶xmin + w�, where Icrop represents the
sub-image containing the damage. Using these bounding box
coordinates, the specified portion of the image is extracted, akin
to digitally cutting out a rectangle that encapsulates the damaged
area. This step ensures that the analysis is focused solely on the
relevant region, eliminating distractions from unrelated parts of
the image.

Resizing: Once cropped, the extracted region is resized to a
uniform dimension of 224 × 224 pixels to align with the input
requirements of ResNet-50. The resizing process, expressed as
Iresized = resizeðIcrop,224 × 224Þ, standardizes the input dimen-
sions while preserving critical features of the damage. This ensures
that the visual details necessary for accurate damage detection are
retained while enabling consistent processing across all samples.
By maintaining this uniformity, the model operates efficiently and
effectively regardless of the original size or scale of the cropped
region.

Normalization: After resizing, the image undergoes normali-
zation to conform to the input expectations of the pretrained
ResNet-50 model. This involves two primary steps: first, scaling
the pixel values to the range [0, 1], and second, standardizing these
values using the mean ðμÞ and standard deviation ðσÞ of the
ImageNet RGB channels. The normalized image is computed as
Inorm = Iresized−μ

σ . This normalization aligns the input data with the
statistical properties of the data used during ResNet-50’s pretrain-
ing, optimizing the model’s ability to process the images effec-
tively and ensuring consistency across all inputs.

In some cases, multiple damages like a scratch and a dent
might appear close to each other, causing their bounding boxes to
overlap. Instead of combining these areas, each bounding box is
processed independently. This ensures that the model can analyze
and classify each type of damage separately, maintaining a clear
distinction between different damage categories.

The process of isolating damage regions follows a structured
pipeline to ensure consistency and focus. First, the bounding box is
used to identify and localize the exact damaged area within the
image. Next, the corresponding region is extracted using the
bounding box coordinates, effectively isolating the relevant portion
of the image. Finally, the extracted region undergoes preproces-
sing, which includes resizing to a standard dimension and normal-
ization to ensure compatibility with the model’s input
requirements. This systematic workflow ensures that the model
concentrates exclusively on the damage region, minimizing dis-
tractions from irrelevant background elements and optimizing the
accuracy of the analysis.

4). DAMAGE REGION CATEGORIZATION. Bounding box areas
are classified into categories based on the COCO dataset standard,
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facilitating performance evaluation across various object scales.
This categorization recognizes that damages differ significantly in
size, ranging from fine scratches to large dents or cracks. To
address this variability, damage regions are divided into three
classes: Small Objects (area <1282), which include minimal da-
mages like fine scratches; Medium Objects (1282 ≤ area< 2562),
covering moderate damages such as small dents; and Large Objects
(area ≥ 2562), which represent extensive damages like shattered
windshields. The area of a bounding box is calculated as
Area = w×h. This classification ensures that the model balances
its focus across damages of different scales, preventing smaller
damages from being overlooked during analysis.

Localizing damage regions offers distinct advantages that
significantly enhance the model’s performance and efficiency.
By isolating specific areas of interest, the model prioritizes relevant
features, improving its sensitivity to subtle patterns and fine-
grained details. This focused approach reduces background noise
by excluding unrelated regions, such as vehicle surroundings,
resulting in cleaner and more meaningful inputs. Moreover, ana-
lyzing smaller, localized regions reduces computational complex-
ity, enabling efficient processing, especially when the damage
occupies only a minor portion of the image. These combined
benefits strengthen the model’s capability to deliver accurate
and reliable damage detection.

Localized damage regions are the foundation of the CropRes-
MoE-50 model, serving as the primary input to its ResNet-50
feature extractor. By processing only these preselected regions, the
model achieves a higher precision in detecting and classifying a
variety of damage types. This specialized focus distinguishes
CropResMoE-50 from conventional models, allowing it to excel
in fine-grained vehicle damage detection. The localization process
is more than a preprocessing step—it forms the core of the
CropResMoE-50 pipeline. Through systematic isolation, standard-
ization, and processing of the damage regions, this approach
ensures consistent and accurate outputs, positioning the model
as an effective tool for real-world vehicle damage assessment.
Empirical evaluation of these models, detailed in Section VI,
demonstrates that CropResMoE-50 outperforms others on fine-
grained categories while maintaining efficiency.

D. ARCHITECTURE SUMMARY

For baseline comparison, the ResNet-50 backbone comprises four
residual stages (3+ 4+ 6+ 3 bottleneck blocks) totaling 23.5
million parameters. The EfficientNet-B0 backbone consists of
nine sequential stages built with MBConv (Mobile Inverted Bot-
tleneck) blocks using variable expansion ratios, totaling 4.0 million
parameters. The Swin-Transformer Tiny (Swin-T) backbone fea-
tures four hierarchical stages containing shifted-window attention
blocks arranged as 2+ 2+ 6+ 2 across stages, amounting to 27.5
million parameters.

In contrast, the proposed CropResMoE-50 integrates a
ResNet-50 feature extractor (3+ 4+ 6+ 3 configuration) with an
MoE classification head consisting of a router network and five
expert subnetworks, each containing two fully connected layers
(2048→ 128→ 6) with ReLU activation. The complete architecture
comprises approximately 24.8 million parameters, balancing accu-
racy, efficiency, and interpretability within a unified design.

While deeper variants such as ResNet-101 or ResNeXt could, in
theory, improve representational depth, they introduce nearly double
the parameters and computational cost of ResNet-50 without pro-
portionate accuracy gain (≈ 44–48 M vs 23.5 M in ResNet-50),

making ResNet-50 the most balanced and interpretable choice for
the proposed MoE integration.

V. DATASET AND PREPROCESSING
STRATEGY

The development of robust damage detection systems relies
heavily on the availability of domain-specific datasets, as well
as rigorous preprocessing strategies that enhance model generali-
zation in real-world contexts. This study integrates both standard-
ized and proprietary data sources to form a cohesive training
pipeline that mirrors actual insurance inspection scenarios. The
combined dataset comprises three main components: the publicly
available CarDD dataset, a curated collection of manually cropped
sub-images, and a batch of unlabeled images derived from real-
world insurance claims. Each component plays a distinct role in
supporting both the supervised learning and semi-automated label-
ing objectives of this research.

A. BENCHMARK DATASET: CarDD

CarDD, introduced by Wang et al., remains the most comprehen-
sive benchmark available for vehicle damage classification. Com-
prising over 4,000 high-resolution images with more than 9,000
bounding box annotations, it spans six distinct damage categories:
dent, scratch, crack, glass shatter, paint off, and tire flat. All
annotations adhere to the COCO format, facilitating compatibility
with object detection frameworks and enabling detailed spatial
analysis.

To ensure a robust experimental setup, the CarDD dataset was
partitioned into training (70.4%), validation (20.25%), and testing
(9.35%) subsets. Stratified sampling preserved the distribution of
damage categories across these splits. Additionally, image dedu-
plication was conducted using perceptual hashing to remove near-
identical samples, thus mitigating data leakage and overfit-
ting risks.

To evaluate performance across varying object scales, the
study adopted COCO-style average precision (AP) metrics for
small, medium, and large damage regions. This allowed for
granular insights into the model’s detection capabilities, particu-
larly in challenging scenarios involving minor or fine-grained
damages.

B. REGION-CENTRIC CROPPING FROM
ANNOTATED BOUNDING BOXES

To improve the model’s sensitivity to localized damage patterns, a
region-centric cropping strategy was employed using the existing
COCO-format bounding box annotations from the CarDD dataset.
Rather than relying on an external object detection algorithm,
annotated regions were extracted directly based on the dataset’s
ground truth. Each bounding box was used to crop the damage-
specific region, and the resulting patches were manually reviewed
to ensure quality and relevance.

These cropped instances, typically resized to 224 × 224 pixels,
served as a supplementary dataset alongside the original full-
resolution images. This dual representation allowed the proposed
CropResMoE-50 model to learn both global context and localized
visual semantics, particularly important for detecting subtle dam-
age types like cracks or scratches that may be visually insignificant
in the broader image frame.
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By focusing on ground-truth-aligned regions, this approach
ensures that the expert subnetworks within the MoE architecture
are trained on semantically meaningful content, reducing back-
ground noise and improving convergence stability.

C. REAL-WORLD INSURANCE CLAIMS FOR
AUTO-LABELING EVALUATION

To assess the model’s applicability beyond the benchmark dataset,
a batch of unlabeled images was sourced from internal insurance
claims. These images simulate operational scenarios in which
photos are submitted without annotations, representing a typical
cold-start problem in data pipelines.

For these cases, the trained CropResMoE-50 model served as
the primary classifier, with fallback support via ChromaDB-based
retrieval when confidence scores fell below a defined threshold
(τ= 0.6). The retrieval mechanism, built using HNSW-based
nearest neighbor search, leverages the previously cropped CarDD
instances as a support database. Retrieved labels are aggregated via
distance-weighted voting and blended with the MoE outputs to
produce final predictions. This semi-automated approach enables
reliable soft-label generation for underrepresented or ambiguous
images without manual intervention.

By integrating real claims data in this way, the system
demonstrates practical readiness for deployment while also sup-
porting incremental dataset expansion through low-touch, human-
in-the-loop verification workflows.

D. SUMMARY OF STRATEGY ALIGNMENT

The combination of high-resolution annotations from CarDD,
damage-focused region crops, and unlabeled field data creates a
multi-faceted dataset that mirrors operational constraints and class
imbalances. More importantly, it enables comprehensive model
evaluation under both supervised and semi-supervised conditions.
This preprocessing pipeline directly supports the design objectives
of the CropResMoE-50 model, ensuring that the expert subnet-
works are trained not only on diverse features but also on deploy-
ment-aligned data regimes.

VI. EXPERIMENT SETUP
A. IMPLEMENTATION ENVIRONMENT

All experiments were conducted using PyTorch 2.1 and Torchvision
0.17 on an NVIDIA Tesla T4 GPU (16 GB VRAM) via Google
Colab. The AdamW optimizer (learning rate= 2× 10−1, weight
decay= 1 × 10−4) was employed with a batch size of 64 for 20
epochs. Inference latency was measured as the mean forward-pass
time per image (averaged over 10 batches) under mixed-precision
mode. This consistent hardware and software environment ensures
reproducibility across all baselines and model variants.

B. BASELINE CONFIGURATIONS

To benchmark the proposed CropResMoE-50 model, we imple-
mented three state-of-the-art architectures as baselines: ResNet-50,
EfficientNet-B0, and Swin-T. For each baseline, we froze the
ImageNet-pretrained backbone and trained only the classification
head on the CarDD dataset. This frozen-backbone approach en-
sures a fair comparison by evaluating each model’s learned re-
presentations rather than its fine-tuning capacity, essentially testing

only howwell each model understands features, not howwell it can
be trained. To maintain experimental consistency, we applied
identical hyperparameters across all models: optimizer, learning
rate, batch size, and training epochs.

C. TRAINING STRATEGY (FROZEN VS
UNFROZEN)

Two training configurations were explored: (a) frozen-backbone
mode—the feature extraction layers were fixed while only the
classification head was optimized; (b) unfrozen fine-tuning mode
with all layers jointly trained to enable domain adaptation and
deeper feature learning. The proposed CropResMoE-50 was eval-
uated under both settings to analyze the trade-off between accu-
racy, generalization, and computational efficiency. This dual-mode
design also establishes a direct basis for comparison with conven-
tional CNN and transformer baselines.

D. COMPUTATIONAL-COST METRICS

Model efficiency was quantified by three computational-cost in-
dicators: parameter count (M), floating-point operations (GFLOPs)
per 224 × 224 input, and mean inference latency (seconds per
image). These values were measured using ptflops and runtime
profiling under identical hardware conditions. The quantitative
results of both frozen and unfrozen configurations are presented
and analyzed in Section VII (Results and Discussion).

VII. RESULTS AND DISCUSSION
Following the experimental setup described in Section VI, this
section reports the results for the proposed RawMoE, ResMoE-50,
and CropResMoE-50 models, together with external baselines and
focal loss sensitivity analysis.

A. ABLATION STUDY: PROGRESSIVE MODEL
ENHANCEMENTS

To quantify the contribution of each architectural component, an
ablation study is performed across three progressively refined
variants: RawMoE, ResMoE-50, and CropResMoE-50. RawMoE
serves as the baseline MoE classifier operating directly on flattened
pixel inputs without deep feature extraction. ResMoE-50 intro-
duces a ResNet-50 backbone as a 2048-dimensional feature extrac-
tor before the MoE head, isolating the effect of pretrained
hierarchical features. CropResMoE-50 further incorporates
region-aware cropping based on ground-truth bounding boxes,
enabling localized and scale-aware analysis of damage regions.
The stepwise comparison across these three models explicitly
measures how deep feature extraction and region-focused inputs
contribute to performance gains.

B. EXECUTION TIME ANALYSIS

This ablation confirms that each architectural refinement from
RawMoE to ResMoE-50 to CropResMoE-50 has produced con-
sistent improvements in execution efficiency and predictive per-
formance (Table II and Fig. 3), highlighting the necessity of both
deep feature extraction and region-aware cropping in the final
design. The comparative analysis evaluates these models across
multiple performance metrics, underscoring the trade-offs and
gains achieved at each stage of development.
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The feature extraction stage represents a critical juncture in
model complexity. RawMoE’s relatively low feature extraction
time (105.83 s) stems from its shallow representation pipeline,
offering faster computation at the expense of semantic depth. From
a theoretical lens, this simplicity limits its ability to abstract
complex visual patterns, particularly problematic in fine-grained
tasks such as vehicle damage classification. ResMoE’s significant
increase (978.35 s) corresponds to its integration of ResNet-50,
which reflects the principle of transfer learning as feature regulari-
zation and improving representation robustness at the cost of
inference time. CropResMoE-50, extending this further, applies
region-based masking and analysis (1068.04–1933.46 s), aligning
with the divide-and-specialize paradigm. The computational bur-
den here is justified, as the model mimics human-like attention,
prioritizing localized cues which is an essential strategy in fine-
grained classification literature.

The training time trajectory reveals important convergence
patterns. RawMoE’s excessive training duration (1236.85 s) high-
lights the inefficiency of working with raw input features lacking
representational structure. ResMoE dramatically cuts this to 30.72 s
by leveraging feature reuse and reducing parameter optimization
load, based on key principles from pretrained initialization theory.
CropResMoE-50 further slashes this to just 7.66–11.54 s, suggest-
ing that region-based decomposition not only enhances generali-
zation but also speeds up convergence by minimizing gradient
noise, aligning with recent findings on modular architectures and
attention pruning techniques.

In terms of total execution time, the results highlight the
common trade-off between computational cost and model accu-
racy. RawMoE takes the longest time (1422.32 s) because it relies
on basic processing and lacks optimization. ResMoE performs
better, completing all tasks in 1094.43 s, thanks to its use of a
pretrained network (ResNet-50) and more efficient architecture.
CropResMoE-50 has the widest time range (1158.00–2027.02 s)
due to its region-based processing, which increases time but
improves accuracy. From a research perspective, this model reflects
an “adaptive computation” approach—where the system uses more
resources only when needed, depending on the complexity of each
image. This idea aligns with MoE and recent studies on dynamic
inference, where models are designed to adjust their effort based on
task difficulty, improving both performance and efficiency
over time.

The shift from RawMoE to CropResMoE-50 isn’t just about
improving speed or accuracy, but it shows how the model archi-
tecture evolves to better match the actual task. Each version
becomes more focused and smarter in how it uses computation,
processing only what’s important instead of treating all input

equally. This approach reflects current research in efficient deep
learning, where models are designed to be more selective and
specialized. By focusing on relevant regions, especially for fine-
grained damage detection, CropResMoE-50 brings us closer to
real-world solutions that balance accuracy, speed, and resource use
in a practical way. To further contextualize these runtime patterns,
the following section compares the proposed model with several
external baselines to assess accuracy–efficiency trade-offs.

C. ACCURACY, PRECISION, AND RECALL
COMPARISON

These results extend the ablation study beyond runtime, showing
how each added component, for instance, ResNet-50 features and
region-aware cropping, translates into measurable gains in accu-
racy, precision, recall, and F1-score. The comparison of validation
and test results shows a clear and consistent improvement as the
model evolves from RawMoE to ResMoE-50 and then to Cro-
pResMoE-50. As shown in Fig. 3, test set metrics demonstrate a
stepwise performance gain from RawMoE to ResMoE-50, with
CropResMoE-50 achieving the highest overall scores across accu-
racy, precision, recall, and F1-score. On the validation set, Cro-
pResMoE-50 achieves 88.15% accuracy, which is a+ 41.24%
improvement over RawMoE. Precision, recall, and F1-score also
increase significantly which are +59.52%, +59.00%, and
+60.58%, respectively. The test set tells a similar story. CropRes-
MoE-50 reaches 89.30% accuracy, outperforming RawMoE by

Table II. Execution time analysis for the proposed models

Step RawMoE (seconds) ResMoE (seconds) CropResMoE (seconds)

Mount google drive 2.59 4.55 2.32–68.12

Load ResNet-50 model - 2.69 0.61–2.47

Load datasets 1.44 1.09 0.62–2.64

Feature extraction 105.83 978.35 1068.04–1933.46

Train model 1236.85 30.72 7.66–11.54

Validation evaluation 0.23 0.04 0.37–0.69

Test evaluation 0.11 0.02 0.36–0.58

Display images - 75.45 78.3 −79.91
Total exec. time ∼1422 ∼1094 ∼1158–2027

Fig. 3. Test set evaluation metrics of the proposed models RawMoE,
ResMoE-50, and CropResMoE-50.
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+41.71% and again showing strong gains in macro-average preci-
sion (+57.33%), recall (+56.75%), and F1-score (+60.15%).

These results show that each model upgrade not only improves
performance during training but also leads to better generalization
on unseen data. CropResMoE-50’s strong metrics across both
validation and test sets suggest that its region-focused architecture
helps the model detect subtle damage patterns more effectively.
This aligns with current research on task-specific feature speciali-
zation and supports the use of region-aware processing in real-
world insurance and automotive damage detection systems.
Collectively, the ablation across RawMoE, ResMoE-50, and
CropResMoE-50 demonstrates that both deep feature extraction
and localized region modeling are indispensable to achieving the
final performance of CropResMoE-50.

A deeper look at each damage category shows just how much
CropResMoE-50 has improved in handling specific, real-world
damage types. For high-impact categories like glass shatter and tire
flat, CropResMoE-50 reaches near-perfect performance with AP of
1.000 and 0.997, and consistently high precision and recall scores,
highlighting its strong reliability in detecting critical safety issues.
This category-wise trend is visualized in Fig. 4, where object
detection metrics per damage class reveal stark contrasts between
models, particularly for crack and lamp-broken categories.

In contrast, RawMoE struggles in several categories, espe-
cially for rare or complex damage types like cracks and broken
lamps, where it records zero AP and precision, indicating a
complete failure in detection. CropResMoE-50 overcomes this
with +27.30% AP for crack detection and a major gain of
+72.30% AP for broken lamp detection, along with 100% preci-
sion in both cases. These improvements are not just statistical as
they reflect real advancements in the model’s ability to recognize
low-frequency, high-complexity patterns that often challenge con-
ventional approaches. The percentage improvement from Raw-
MoE to ResMoE-50 and CropResMoE-50 is further summarized in
Fig. 5, highlighting model evolution in a cumulative manner.

From a research perspective, this shows the strength of
combining region-focused processing with expert specialization.
CropResMoE-50 effectively allocates more attention to local
damage features, enabling it to outperform both RawMoE and
ResMoE, especially in categories where subtle visual cues matter
most. This aligns with current research in fine-grained classifica-
tion and reinforces the model’s suitability for real-world damage
assessment systems, where achieving high accuracy across all
categories, including rare and subtle cases, is essential for reliable
and effective application. While these internal comparisons con-
firm progressive improvements, additional evaluation with external
architectures is necessary to assess model competitiveness and
scalability.

D. CROPRESMOE-50 ACCURACY AND
PERFORMANCE ANALYSIS

The CropResMoE-50model combines region cropping, ResNet-50
feature extraction, and a hybrid MoE structure. To handle class
imbalance and emphasize harder examples, the model uses the
focal loss function with tunable parameters α (alpha) and γ
(gamma). This section evaluates how different α–γ configurations
affect the model’s AP, scale-specific performance (small, medium,
large), and detection consistency.

Among all tested settings, the configuration α= 0.5 and
γ= 2.0 achieved the highest overall AP of 0.9352, along with
strong APs across small (0.8725), medium (0.9567), and large
(0.9763) objects. The detailed impact of focal loss configurations
on object-size-based AP metrics is presented in Table III, covering
small, medium, and large categories. This configuration strikes an
effective balance: α= 0.5 keeps a moderate focus on misclassified
samples, while γ= 2.0 adjusts the gradient contribution from easier
predictions without overwhelming the loss with outliers. The result
is a model that generalizes well across object scales and maintains
stable learning across diverse damage patterns.

Fig. 4. Object detection performance by category.
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For small-scale objects, the best APs of 0.8840 are observed at
α= 0.75, γ= 0.5, showing that lower γ values can also benefit
smaller object detection when α is higher. However, α= 0.5,
γ= 2.0 remains competitive, making it a more balanced choice across
all sizes. In the medium-scale and large-scale categories, this same
configuration also performs best with APm= 0.9567 and APl=
0.9763, confirming its reliability across varying spatial footprints.

These findings validate that focal loss tuning can be an effective
lever to control model sensitivity across easy and difficult examples.
The observed consistency in performance across different scales
supports the idea that focal loss not only addresses class imbalance
but also contributes to multi-scale robustness, which is critical in
practical damage detection systems where object size varies widely.

The impact of focal loss parameters α and γ on CropResMoE-
50’s performance is evident across multiple metrics—AP, precision,
recall, execution time, and category-specific accuracy. Overall, the
findings show that while higher γ values (such as 3.0 or 5.0) can
improve recall—especially for harder-to-detect or small-scale da-
mages as they also lead to longer execution times and reduced
precision, which disrupts the model’s balance.

For instance, α= 0.25, γ= 5.0 achieves macro-average recall
of 0.86 and high dent recall (0.91) and lamp broken recall (1.00),
but its macro-average precision drops and total execution time rises
to 1448.51 seconds. Similarly, α= 0.50, γ= 3.0, although strong in
recall (0.85) and small-object AP (0.91), incurs the highest total
execution time at 2027.02 seconds, making it less practical for
time-sensitive applications.

In contrast, α= 0.25, γ= 1.0 stands out as the most balanced
configuration. It consistently achieves strong performance across
validation and test datasets—macro-average precision and recall
both at 0.87 and a strong overall AP of 0.93, while maintaining a
low total runtime of 1167.86 seconds. It also performs reliably
across all object sizes (APs= 0.88, APm = 0.93, APl= 0.98) and
across multiple damage types, with precision and recall scores
above 0.85 for nearly all categories.

From the research perspective, this confirms that α= 0.25,
γ= 1.0 offers the best trade-off between detection performance and
computational efficiency. The lower α reduces the overemphasis on
rare misclassifications, while γ= 1.0 maintains proportional gradi-
ent scaling, preserving learning stability. This balance avoids
overfitting to extreme cases and allows the model to perform
robustly across both frequent and rare damage categories.

Furthermore, execution time profiling (Table IV) confirms that
feature extraction remains the most time-consuming step, varying
widely from 1035.98 s to 2850.53 s, depending on α and γ.
Training time, by contrast, is relatively stable, with the shortest
training loop at 7.03 s under α= 0.75, γ= 2.0, and only slightly
longer (8.28s) for the best configuration α= 0.25, γ= 1.0.

In summary, α= 0.25, γ= 1.0 delivers the most efficient and
consistent performance for real-world vehicle damage detection,
with balanced accuracy, minimal latency, and strong generalization
across scales and categories, making it the recommended default
for practical deployment.

The integration of focal loss within CropResMoE-50 plays a
central role in addressing class imbalance and improving generali-
zation across damage categories. Focal loss, defined by its param-
eters α (class weighting) and γ (focusing factor), modulates the
contribution of each sample to the loss gradient, effectively down-
weighting well-classified examples while amplifying the influence

Fig. 5. Improvement in AP, precision, recall transition from RawMoE, ResMoE-50 to CropResMoE-50.

Table III. An accuracy comparison of average precision for
different object size measurement (small, medium, and large)
using the focal loss function parameterized by α and γ

α γ AP APs APm APl

0.75 2 0.9225 0.8825 0.9148 0.9704

0.75 1 0.9308 0.8729 0.9377 0.9818

0.75 0.5 0.9329 0.8840 0.9384 0.9764

0.5 3 0.8948 0.8235 0.9069 0.9540

0.5 2 0.9352 0.8725 0.9567 0.9763

0.5 1 0.9255 0.8754 0.9277 0.9733

0.25 5 0.9204 0.8501 0.9288 0.9824

0.25 3 0.9201 0.8753 0.9213 0.9637

0.25 2 0.9279 0.8694 0.9383 0.9762

0.25 1 0.9272 0.8810 0.9253 0.9752
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of harder, misclassified instances. This gradient modulation is
especially relevant in fine-grained object detection, where inter-
class imbalance and intra-class variance are prevalent.

A full comparison of category-wise AP under each loss
configuration is shown in Table V, highlighting consistent gains
in damage categories like dent and tire flat. Across tested config-
urations, α= 0.50, γ= 2.0 emerges as the most effective in opti-
mizing both detection performance and computational cost. It
achieves the highest overall AP (0.9352), with strong category-
specific detection, particularly for dent (AP = 0.9784), scratch
(AP= 0.8992), and tire flat (AP= 0.9793). This setup demon-
strates a well-balanced emphasis on hard and easy examples,
allowing the model to maintain a smooth learning curve and avoid
convergence issues often observed with more extreme γ values.

In contrast, configurations with γ≥ 3.0 demonstrate increased
recall, particularly in underrepresented classes such as crack and
lamp broken, but often at the cost of reduced precision and inflated
computation time. This is consistent with theoretical expectations:
larger γ values overly penalize easy examples, potentially leading
to instability or diminished attention to dominant class patterns.
The configuration α= 0.25, γ= 5.0 performs well in terms of recall
and category coverage but suffers from longer execution time
(1448.51s), underscoring the trade-off between model sensitivity
and real-time applicability.

Conversely, α= 0.25, γ= 1.0 demonstrates a desirable equi-
librium, achieving high AP across small (APs= 0.88), medium
(APm= 0.93), and large-scale objects (APl= 0.98), while main-
taining low total execution time (1167.86s). This validates theo-
retical findings in focal loss literature that moderate focusing
strengths (γ ≈ 1.0–2.0) allow sufficient emphasis on hard samples
without excessively reducing the gradient signal of easier ones and
maintaining stable optimization and class balance.

The trend across core classification metrics under focal loss
tuning is visualized in Fig. 6, showcasing how precision-recall
trade-offs vary with α–γ values. Complementing this, Table VI
presents the per-damage-type classification performance, indicat-
ing how focal loss tuning affects both frequent and rare categories.
Weighted precision, recall, and F1-scores remain stable across
configurations, further supporting the model’s capacity to handle
long-tail distributions effectively. Macro-averaged metrics show
more variance, especially in rare categories such as crack, revealing
the sensitivity of these metrics to both parameter tuning and sample
frequency. This suggests that future work may benefit from
adaptive focal loss formulations, where α and γ are dynamically

tuned based on real-time feedback such as class frequency, con-
vergence rates, or uncertainty estimates.

In conclusion, α= 0.50, γ= 2.0 is recommended as the default
configuration when aiming for a high-performance and generaliz-
able model. A holistic view of test set outcomes across focal
configurations is summarized in Fig. 7, reinforcing α= 0.25,
γ= 1.0 as the most balanced setup. Meanwhile, α= 0.25, γ= 1.0
provides a highly efficient alternative, particularly suited for
embedded systems or latency-sensitive environments. This param-
eter tuning strategy confirms that focal loss should not be treated as
a fixed or rigid function. Instead, it should be viewed as a flexible
design mechanism that, when applied thoughtfully, can effectively
adjust the balance between predictive accuracy, computational
efficiency, and suitability for real-world applications.

Together, these analyses reaffirm the value of modular spe-
cialization, focal loss tuning, and region-centric attention for fine-
grained vehicle damage detection in operationally constrained
environments.

E. EXTERNAL BASELINES AND
COMPUTATIONAL-COST ANALYSIS

To strengthen the evaluation scope, the proposed CropResMoE-50
was benchmarked against three widely adopted state-of-the-art
architectures, namely ResNet-50, EfficientNet-B0, and Swin-
Transformer Tiny (Swin-T), under identical conditions described
in Section VI. Each backbone was implemented in frozen and

Fig. 6. Overall test set performance trends (accuracy, precision, recall,
and F1-score) across focal loss α under fixed γ settings.

Table V. Performance average precision (AP) with six damages category categorized by focal loss α and γ

α γ
Dent
AP

Scratch
AP

Crack
AP

Glass shatter
AP

Lamp broken
AP

Tire-flat
AP

Overall
AP APs APm API

0.75 2.00 0.9684 0.8556 0.2157 1.0000 0.7226 0.9819 0.9225 0.8825 0.9148 0.9704

0.75 1.00 0.9776 0.8764 0.2687 1.0000 0.7663 1.0000 0.9308 0.8729 0.9377 0.9818

0.75 0.50 0.9724 0.8966 0.1946 1.0000 0.7278 0.9174 0.9329 0.8840 0.9384 0.9764

0.50 3.00 0.9405 0.8475 0.2854 1.0000 0.7052 1.0000 0.8948 0.8235 0.9069 0.9540

0.50 2.00 0.9784 0.8992 0.2217 1.0000 0.6944 0.9793 0.9352 0.8725 0.9567 0.9763

0.50 1.00 0.9722 0.8635 0.2296 1.0000 0.6259 0.9567 0.9255 0.8754 0.9277 0.9733

0.25 5.00 0.9666 0.8826 0.3889 1.0000 0.7595 1.0000 0.9204 0.8501 0.9288 0.9824

0.25 3.00 0.9664 0.8520 0.2126 1.0000 0.7329 0.9878 0.9201 0.8753 0.9213 0.9637

0.25 2.00 0.9617 0.8967 0.2483 1.0000 0.8413 1.0000 0.9279 0.8694 0.9383 0.9762

0.25 1.00 0.9719 0.8720 0.3167 1.0000 0.7440 0.9765 0.9272 0.8810 0.9253 0.9752
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unfrozen modes to quantify computational complexity, scalability,
and efficiency, as shown in Table VII.

In the frozen setting, CropResMoE-50 achieves 87.4 % test
accuracy and 86.2 % macro F1 at 4.13 GFLOPs, requiring roughly
half the FLOPs of ResNet-50 and less than two-thirds that of Swin-
T. This positions it on a favorable accuracy-efficiency frontier,
demonstrating that its region-aware design yields strong perfor-
mance with moderate complexity. It should be noted that this result
was obtained under a standardized 20-epoch training protocol used
for all baselines to ensure fair comparison. Under its original
training configuration (24 epochs with tuned learning-rate sched-
uling), the same frozen CropResMoE-50 achieved 89.3 % test
accuracy, confirming that the slight drop here stems from con-
strained hyperparameter settings rather than architectural
differences.

When fully fine-tuned, all models improved; CropResMoE-50
(93.5 % test accuracy) remained competitive with EfficientNet-B0
while maintaining a more interpretable MoE structure. Swin-T
showed limited gains, indicating less stable adaptation.T
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Fig. 7. Test set metric curves (precision, recall, accuracy, and F1-score)
under varying focal loss α–γ settings.
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A scatter plot illustrating test accuracy versus FLOPs (log
scale) reveals that CropResMoE-50 occupies the Pareto-optimal
frontier, achieving high accuracy at moderate computational com-
plexity. This positioning confirms its suitability for deployment on
resource-constrained GPU systems. These results demonstrate that
CropResMoE-50 achieves a superior accuracy–efficiency trade-off
compared to recent CNN and transformer baselines, as shown in
Fig. 8 and Fig. 9.

F. MODEL COMPLEXITY ANALYSIS

Table VII presents the computational requirements and parameter
efficiency of all models in both frozen and unfrozen configurations.
CropResMoE-50 demonstrates strong computational efficiency
with 24.8M parameters and 4.13 GFLOPs in frozen mode, using
approximately half the computational resources of ResNet-50 and
two-thirds of Swin-T, while maintaining competitive accuracy.

Among all tested backbones, ResNet-50 provided the optimal
balance between representational power, parameter efficiency, and
interpretability, which justified its selection as the default feature
extractor for the proposed CropResMoE-50 architecture. Although
EfficientNet-B0 achieves the lowest computational cost through its
mobile-optimized depthwise-separable convolutions, it prioritizes
raw efficiency over interpretability. In contrast, CropResMoE-50
exposes its decision process via an explicit routing distribution over
experts, providing transparent and interpretable predictions. Its
specialized experts capture subtle damage patterns while maintain-
ing a scalable design suitable for deployment. This architecture

enables the model to effectively identify fine-grained regional cues
essential for accurate vehicle damage assessment.

Full fine-tuning doubles the computational cost from 4.13 G to
8.26 G FLOPs but yields a 5–6 % accuracy improvement, demon-
strating that the MoE architecture scales efficiently without exces-
sive parameter inflation. This balanced profile of competitive
inference speed, model interpretability, and high accuracy makes
CropResMoE-50 particularly suitable for real-world insurance
assessment systems, where explainable decisions are as important
as computational efficiency.

To further validate interpretability, expert-routing statistics
and gating visualizations were analyzed across all damage classes.
The expert-class specialization matrix on the test set is generated
(Fig. 10), while Fig. 11 and Fig. 12 present representative gating
distributions for dent and tire-flat samples. The gating network
exhibited nonuniform utilization, where specific experts dominated
distinct categories. For example, dent samples were routed almost
exclusively to Expert E2 (≈ 89%), indicating learned specialization
for structural deformation cues, whereas tire-flat images activated
multiple experts (E0-E2, ≈ 28% each), suggesting collaborative
inference for texture-rich patterns.

This adaptive division of labor confirms that the MoE mecha-
nism enables transparent and interpretable predictions, where each
decision can be traced to a subset of experts with distinct functional
roles. Unlike EfficientNet-B0, which achieves competitive accu-
racy but offers no visibility into its internal reasoning, CropRes-
MoE-50 provides explainable expert routing that balances

Table VII. Baseline models and computational-cost metrics

Model Mode Params (M) FLOPs (G) Latency (s/img) Test Acc (%) Macro F1 (%)

CropResMoE-50 Frozen 24.83 4.13 0.006 87.4 86.2

ResNet-50 Frozen 23.52 8.26 0.001 85.1 84.9

EfficientNet-B0 Frozen 4.02 0.82 0.001 83.2 83.1

Swin-T Frozen 27.52 6.25 0.002 90.3 90.3

CropResMoE-50 Unfrozen 24.83 8.26 0.001 93.5 93.5

ResNet-50 Unfrozen 23.52 4.13 0.002 91.4 91.4

EfficientNet-B0 Unfrozen 4.02 0.41 0.011 94.9 94.9

Swin-T Unfrozen 18.86 2.98 0.003 83.9 83.7

Fig. 8. Accuracy vs FLOPs trade-off (frozen models). Fig. 9. Accuracy vs FLOPs trade-off (unfrozen fine-tuned models).
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accuracy, efficiency, and interpretability. Such traceable speciali-
zation is valuable for real-world insurance applications, where
trust and explainability are equally critical as raw performance.
Fig. 10 shows normalized routing probabilities of each expert (E0-
E4) for every damage class on the CarDD test set. Expert E2 is

strongly specialized for dent, while E0–E2 jointly cover tire flat and
other classes, confirming nonuniform, class-specific expert
utilization.

Overall, CropResMoE-50 achieves a balanced trade-off
between predictive accuracy, computational efficiency, and
interpretability. The observed expert specialization provides tan-
gible evidence of transparent model behavior, bridging the gap
between high-performance computer vision and explainable AI
which is an essential requirement for insurance assessment and
regulatory compliance. To further examine generalization under
real-world conditions, additional validation was conducted on an
insurance-claim dataset, as discussed in Section VIII.

VIII. CROSS-DATASET GENERALIZATION
ON REAL-WORLD CLAIMS DATA

To evaluate the model’s robustness beyond the public CarDD
benchmark, an additional validation was performed using real-
world insurance-claim images from Tune Protect Malaysia. The
dataset consists of 291 manually annotated samples across six
damage categories (dent, scratch, crack, glass shatter, lamp broken,
and tire flat), standardized into the COCO format with 80-10-10
train/validation/test splits for compatibility with the CropResMoE-
50 pipeline.

Under the frozen configuration, CropResMoE-50 achieved
83.3% test accuracy and 92.7% mean average precision (mAP),
maintaining strong predictive performance despite the limited
dataset size. High per-category precision and recall were observed
for glass shatter (100%), tire flat (100%), and dent (85%), whereas
scratch (50%) and lamp broken (67%) showed slightly reduced
recall due to sample scarcity.

The model retained stable performance across object scales
(APs= 83 %, APm= 100 %, APl= 95 %) and demonstrated mini-
mal accuracy degradation (≈ −3 pp) relative to the CarDD test set,
confirming robust cross-domain generalization. These findings
validate the model’s readiness for deployment in practical insur-
ance scenarios, where real-world data exhibit greater diversity in
lighting, perspective, and damage severity. This validation further
supports the effectiveness of the MoE design in generalizing to
unseen, real-world insurance data without any architecture
modification.

Future work will focus on expanding the annotated real-world
dataset and employing semi-automated labeling via ChromaDB to
improve weak-category coverage and further enhance model
robustness.

IX. SEMI-AUTOMATED DAMAGE
LABELING WITH CHROMADB

This section introduces a practical enhancement that extends our
classification framework into the domain of semi-automated anno-
tation. Building upon the high-capacity CropResMoE-50 back-
bone, we incorporate a retrieval-augmented memory module using
ChromaDB to facilitate soft pseudo-labeling. This hybrid configu-
ration improves the efficiency of labeling unseen vehicle damage
images, offering a viable strategy to bootstrap new datasets with
minimal human intervention. The enhanced pipeline integrating
CropResMoE-50 with ChromaDB-assisted retrieval is illustrated in
Fig. 13, highlighting the dual-phase model-routing and confidence-
based triage process.

Fig. 10. Expert-class specialization (test set).

Fig. 11. Gating distribution across all “tire-flat” samples.

Fig. 12. Gating distribution across all “dent” samples.

CropResMoE-50 for Vehicle Damage Detection 17

(Ahead of Print)



A. SYSTEM OVERVIEW AND BLENDED
PREDICTION LOGIC

Our pipeline is anchored by a pretrained ResNet-50 fused within
the CropResMoE-50 architecture, trained on a curated blend of the
CarDD dataset and manually cropped images. Once trained, the
system accepts new vehicle damage inputs, typically derived
from real-world insurance inspections. Each image is resized to
224 × 224, passed through ResNet-50, and converted into a 2048-
dimensional feature vector.

This vector is then forwarded to the CropResMoE-50 model,
which combines a routing layer and five expert subnetworks. The
MoE generates a probability distribution across six known damage
categories. If the confidence of the top-class prediction surpasses a
predefined threshold (τ= 0.6), the label is retained. Otherwise, the
system invokes a fallback retrieval procedure via ChromaDB.

In the retrieval phase, the query embedding is matched against
a pre-indexed feature database constructed from all training crops.
These entries include both ground-truth labels and size metadata
(categorized as “small,” “medium,” or “large”). The system re-
trieves the top-k nearest neighbors using HNSW-based ANN
search. To enhance contextual alignment, additional filters such
as size class or prior label type (e.g., “crack”) may be applied.
Instead of overriding the prediction, the retrieved neighbor votes
are blended with MoE outputs using a convex formulation:

Pf inal = λPMoE + ð1 − λÞPretrieval

where λ= 0.7 governs the balance between the expert model and
retrieved support. Here, PMoE denotes the SoftMax output of the
classifier, and Pretrieval is the class distribution aggregated through
distance-weighted voting. This mechanism allows exemplar mem-
ory to reinforce uncertain predictions without overpowering the
model’s learned semantics. The full hybrid pipeline is illustrated
in Fig. 13.

This threshold τ= 0.6 governs the switching logic between
memory-based retrieval and model-driven prediction. Predictions
above the threshold rely solely on the MoE output, while those
below trigger retrieval augmentation.

B. EMPIRICAL TEST AND AUTO-LABELING
OUTPUT

To evaluate real-world applicability, the semi-automated pipeline
is tested on a batch of previously unseen, unlabeled vehicle damage

images. This simulates a typical insurance workflow in which raw
inspection images are submitted for initial triage without prior
annotation.

The system was able to assign meaningful labels such as dent,
glass shatter, and tire flat even in cases where the MoE model’s top
prediction confidence (ranging between 0.42 and 0.66). As visual-
ized in Fig. 14, each output image is annotated with the predicted
class and its associated confidence score. These examples demon-
strate several key points: (1) Plausibility under uncertainty: Even
when presented with challenging visual conditions (e.g., low
lighting, reflective surfaces, or occlusion), the pipeline still infers
semantically reasonable labels. (2) Interpretability via retrieval:
The ChromaDB-based retrieval offers transparent support for low-
confidence cases by surfacing similar historical exemplars, thereby
improving explainability for human reviewers. (3) Practical value

Fig. 13. Enhanced architecture of the CropResMoE-50 with ChromaDB retrieval.

Fig. 14. Semi-automated annotated with the predicted class and its
associated confidence score.
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for dataset bootstrapping: For predictions exceeding the threshold
τ= 0.6, the pseudo-labels produced are sufficiently reliable to be
used for expanding the training corpus without requiring manual
verification or bounding box re-annotation.

This capacity to generate soft-labeled annotations in a hybrid,
confidence-aware manner provides a scalable mechanism for
continuous data enrichment. By incorporating retrieval support
alongside probabilistic MoE outputs, the system bridges the gap
between fully manual annotation and rigid, threshold-based
automation.

C. LIMITATIONS IN SCOPE AND FULL
AUTOMATION

While the proposed semi-automated labeling framework signifi-
cantly reduces human effort, it is not a fully autonomous system. Its
current design is confined to classification-only tasks, assuming
pre-cropped inputs. Additionally, the retrieval component’s reli-
ability is contingent on the quality and diversity of the indexed
embeddings. In scenarios with out-of-distribution (OOD) damage
types or insufficient historical support, the retrieved exemplars may
mislead the hybrid decision. Moreover, the MoE model, while
robust, lacks temporal awareness or contextual reasoning, which
are the factors that might be critical in multi-frame inspection
scenarios (e.g., video-based claims). To advance toward a fully
automated system, future iterations would require integration with
damage detectors (e.g., Faster R-CNN or YOLO), bounding box
regression heads, and confidence calibration modules. An adaptive
self-training loop could also be employed to refine pseudo-label
quality over time.

D. RESEARCH CONTRIBUTIONS AND FORWARD
OUTLOOK

This study makes several technical and practical contributions.
First, we introduce a hybrid semi-automated labeling framework
that fuses an MoE classifier with a retrieval-augmented memory
(ChromaDB), enabling confidence-aware pseudo-labeling of new
vehicle damage samples. This novel fusion balances learned
representations with example-driven interpretability which is an
approach, especially useful in high-variance domains such as
insurance and fleet inspection.

Second, we demonstrate that retrieval filtering by metadata
(e.g., object size) can enhance semantic alignment without incur-
ring significant computational cost. Third, the modular design
allows for future extensibility, including integration into active
learning workflows, inspection UIs, or digital claims systems.

Looking ahead, this methodology can generalize to other
inspection-heavy domains such as construction, logistics, and
agricultural damage assessment. By combining expert-based deci-
sion boundaries with memory-based similarity reasoning, the
framework sets a precedent for more adaptive, transparent, and
scalable annotation pipelines.

X. CONCLUSION
This study presented a comprehensive framework that integrates
MoE architectures with retrieval-augmented learning to address
both fine-grained classification and scalable annotation in vehicle
damage detection. The proposed CropResMoE-50 model,
enhanced with region-based preprocessing and scale-aware tuning,

achieved significant improvements over prior architectures (Raw-
MoE and ResMoE-50), reaching 89.30% test accuracy and high AP
scores across small (0.88), medium (0.93), and large (0.98) object
categories. These results underscore the value of spatially refined
inputs and expert-routing mechanisms in handling intra-class
variability and object-scale sensitivity.

When benchmarked against ResNet-50, EfficientNet-B0, and
Swin-T, the proposed model demonstrated a superior accuracy–
efficiency balance, maintaining high precision with moderate
computational cost (24.8 M parameters, 4.13 GFLOPs). This
confirms the architecture’s suitability for real-time insurance
workflows.

Furthermore, the strategic tuning of the focal loss function was
instrumental in optimizing performance across imbalanced data-
sets. Configurations such as α= 0.25 and γ= 1.0 offered robust
generalization, while α= 0.50 and γ= 2.0 yielded the highest
overall AP (0.9352). These findings suggest that focal loss should
be treated not merely as a loss function but as a sensitive hyper-
parameter framework tailored to dataset complexity.

To extend the utility of the model beyond static classification,
we introduced a semi-automated labeling pipeline that combined
MoE predictions with ChromaDB-based retrieval. This hybrid
mechanism supported soft pseudo-labeling with confidence-aware
blending, enabling scalable data enrichment without full manual
annotation. Through empirical validation, we showed that even
low-confidence inputs could be plausibly labeled with minimal
supervision, thereby paving the way for practical deployment in
real-world insurance workflows.

These results collectively validate CropResMoE-50 as a robust
and interpretable framework that bridges fine-grained detection
accuracy, computational efficiency, and semi-automated labeling
scalability.

XI. FUTURE WORK
Looking forward, the next frontier lies in transitioning from semi-
automated labeling to a fully automated, self-improving system.
This would involve integrating the CropResMoE-50 backbone
with object detection frameworks (e.g., YOLOv8, Faster
R-CNN) to localize damage regions automatically, followed by
classification and confidence-aware pseudo-label assignment. An
active learning module could be incorporated to selectively retrain
the model on high-uncertainty samples, enabling adaptive perfor-
mance gains over time, building upon the strong accuracy–effi-
ciency foundation established in this study.

The retrieval component (ChromaDB) will evolve into a
dynamic, growing memory that assimilates newly labeled instances
into its index, allowing real-time feedback and continual support
for rare or edge-case predictions. Furthermore, the system could be
deployed in a closed-loop architecture for auto-triaging insurance
claims, providing label explanations via nearest-neighbor support
—thereby reducing both annotation overhead and reviewer fatigue.

Expanding the dataset to encompass diverse vehicle types,
weather conditions, camera angles, and damage modalities will
also be critical for building generalizable models. Further evalua-
tion on lightweight architectures and mobile inference platforms
will also be explored to enhance deployment readiness. Ultimately,
this research lays the groundwork for a scalable, interpretable, and
autonomous pipeline that bridges high-performance damage detec-
tion with practical labeling efficiency.

The design philosophy underlying this study, the modular
routing, retrieval support, and loss-based adaptability, has
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presented a versatile blueprint for other fine-grained classification
tasks beyond the automotive domain.
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