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Abstract—Tool wear detection in mechanical machining
is a critical link for ensuring product quality and
improving production efficiency. However, this field
faces challenges such as scarce annotated data and
interference from complex working conditions, making
it difficult to deploy advanced detection models. To
address the fundamental mismatch between model
capacity and data availability, this paper proposes a
novel data-efficient hybrid detection architecture named
MD-YOLOV12. This architecture ingeniously integrates
the rich general visual representations learned by the
self-supervised vision transformer model DINOv3 with
the YOLOV12 object detection framework. Specifically,
we perform feature enhancement at two key locations:
input preprocessing and the middle layer of the
backbone network, thereby enhancing the model's
perception and recognition capability for tool wear
features without relying on massive annotated data. To
validate the method's effectiveness, we constructed a
specialized tool wear detection dataset containing 8083
high-resolution images, meticulously annotated into
three categories: ""No Wear," ""Moderate Wear," and
"Severe Wear." Extensive experimental results
demonstrate that the proposed MD-YOLOV12 method
surpasses existing state-of-the-art techniques in the tool
wear detection task, providing a viable technical
pathway for data-efficient industrial vision applications.
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I. INTRODUCTION

In the field of mechanical machining [1], tool
wear detection [2] represents a critical application
direction, where automated monitoring is essential
for ensuring machining quality, improving
production efficiency, and controlling costs. Three
interconnected systems — Computer Numerical
Control(CNC) [3] machine online monitoring,
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smart manufacturing unit tool management, and
precision machining quality control systems —
fully demonstrate the importance and challenges
of computer vision in this domain. Accurate
detection of tool flank wear is critical across
modern manufacturing systems. At the equipment
level, it enables the prediction of tool lifespan and
ensures  machining accuracy. For  smart
manufacturing units, real-time assessment of wear
states facilitates the optimization of tool-change
strategies and overall  production cycles.
Furthermore, in precision machining systems, the
sensitive detection of micro-wear is indispensable
for preventing surface quality defects on
workpieces and enabling timely maintenance
interventions. These applications pose unique
challenges for computer vision technology: they
not only demand high-precision detection
capabilities at the micron level but also require
accurate identification and segmentation of
specific wear areas under complex working
conditions such as coolant splashing, chip
entanglement, and variable lighting. Since
machining quality and equipment safety are at
stake, decision errors could lead to batch
workpiece scrap or machine tool damage. A
fundamental challenge in developing visual
detection models for tool wear is the inherent
scarcity of industrial image data. Unlike general-
purpose datasets with millions of samples, tool-
specific wear data under varying materials and
parameters is typically limited to merely hundreds
or thousands of instances. This scarcity primarily
stems from practical constraints: limited machine
operation time for data collection, production
confidentiality protocols, and the proprietary
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nature of specific ~machining conditions.
Consequently, building robust models under such
severe data constraints remains particularly
difficult.

However, in the general field, we have large
datasets like Microsoft Common Objects in
Context (COCO) [4] that contain hundreds of
thousands of images and millions of annotations,
which are sufficient to train very powerful
detection models. However, in the field of
mechanical engineering, obtaining and labeling a
large amount of data is extremely difficult and
expensive. For instance, marking minor wear and
tear on props not only requires professional
knowledge but is also extremely time-consuming.
Therefore, when a large-capacity You Only Look
Once (YOLO) [5] model is trained on a dataset
with only a few hundred or a few thousand images,
overfitting is very likely to occur. The
generalization ability of the knowledge learned by
the model is very poor, and it will "fail to adapt" to
real  scenarios.This  fundamental —mismatch
between model capacity and data availability
represents a critical bottleneck in deploying state-
of-the-art object detection frameworks for
practical industrial applications [6]. How to enable
the model to learn robust and universal features on
small datasets is a key challenge in this field.

Recent advances in the field of self-supervised
learning [7] have demonstrated that rich visual
representations can be effectively learned from
large-scale unlabeled data. In particular, the DINO
[8] (self-distillation [9] with no labels) framework,
specifically its latest iteration DINOv3 [10], has
exhibited remarkable semantic understanding
capabilities through self-supervised pre-training on
vast image collections. In industrial scenarios,
while it may be challenging to obtain large
volumes of labeled tool wear images, it is
relatively easy to collect massive amounts of
unlabeled tool images or production line
monitoring videos. DINOv3 has been pre-trained
on an extremely diverse dataset of internet images,
enabling it to "recognize” and understand
fundamental visual patterns of objects—such as
edges, textures, shapes, shadows, and material
variations. This general visual knowledge provides
a crucial foundation for identifying wear features
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on tool surfaces (e.g., grinding marks, chipped
edges, contour changes). This means that the
DINOv3 model can be used directly without the
need for training from scratch on a tool wear
dataset. Its feature extraction capability is "built-
in" and does not rely on any manually defined
"wear" labels, thereby perfectly bypassing the
bottleneck of data annotation.

Motivated by the aforementioned challenges,
we make the following contributions to data-
efficient object detection in mechanical machining:

We propose a novel hybrid detection
architecture, termed MD-YOLOV12, which
effectively combines the DINOv3 self-supervised
vision transformer with the YOLOv12 detection
framework. Departing from prior strategies such
as full backbone replacement or single-point
feature injection, our approach strategically
integrates Mamba blocks to capture long-range
dependencies and enhance feature representation
under data-limited settings.

To mitigate the scarcity of annotated data in
this domain, we introduce a specialized Tool Wear
Detection Dataset. It consists of 8,038 high-
resolution images collected from real-world
machining environments, each meticulously
labeled into three wear categories critical for
predictive maintenance: No Wear, Moderate Wear,
and Severe Wear. This dataset serves as a publicly
available benchmark to foster research in data-
efficient industrial visual detection.

Through extensive experiments, we
demonstrate that MD-YOLOV12 consistently
outperforms existing state-of-the-art methods,
validating its effectiveness in  real-world
mechanical machining applications.

Il. METHOD
A. Model Architecture
To address the limitations of existing

approaches in integrating self-supervised visual
models with supervised detectors—particularly the
computational  inefficiency and  semantic
constraints caused by full backbone replacement
and single-point feature injection—this study
introduces a novel hierarchical semantic injection
strategy. This method integrates DINOv3’s rich
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semantic  representations into the YOLO
architecture at two critical stages: semantic
grounding at the input layer enhances the
representational capacity of low-level features,
while the subsequent Mamba2 [11] module
effectively captures important features extracted
by DINOv3 and models long-range dependencies
with linear complexity, thereby cooperatively
improving the detector’s semantic robustness and
spatial localization accuracy under data-scarce
training conditions.
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Figure 1. The main architecture of proposed DINO-YOLO model

Figurel, illustrates the YOLOv12 [12]
architecture with DINOv3 as the backbone. The
model processes 640>640 input images through a
hierarchical pipeline consisting of the following
sequential stages: input preprocessing, a DINOv3-
enhanced backbone, deep backbone stages
composed of Mamba2 and convolutional layers, a
feature pyramid network that integrates top-down
and bottom-up pathways, and a multi-scale
detection head. The detection head operates at
three different resolution levels: P3/8, P3/16, and
P5/32. Two pre-trained DINOv3-ViT-B/16
modules (each with 86 million parameters and
frozen weights) are incorporated. The entire
architecture contains a total of 218 million
parameters, of which 36 million are trainable, and
requires 124 Giga Floating-point Operations
(GFLOPs) for a 640>640 input.This dual-stage
feature injection strategy is designed to address the
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diverse feature requirements across different
abstraction levels in the object detection pipeline.
By enhancing complementary aspects of semantic
representation, it effectively improves the model's
overall representational capacity and detection
performance under data-scarce conditions.

B. DINOV3 Backbone

DINOv3, Meta Al's third-generation self-
supervised vision transformer model, serves as an
ideal backbone replacement for YOLO in tool

Wear detection applications due to its
exceptional visual feature extraction capabilities,
as illustrated in Figure 2. The model employs an
efficient "self-distillation” framework that learns
highly universal visual representations without
relying on manually annotated data—a crucial
advantage in industrial scenarios where tool wear
data is often costly and challenging to label.
Through its unique training mechanism involving
dual enhanced views of the same image, DINOv3
develops robust multi-scale feature representations
that naturally align with YOLO's multi-scale
detection heads, enabling precise identification of
wear regions across varying severity levels. The
knowledge distillation process, formalized by the
loss function:

—
N

> RO(,T) 1ogPY (% T,) (1)
Here, L represents the total loss that the student
network aims to minimize. The student's
probability distribution Py, generated from the first
augmented view x, , is trained to match the
teacher's distribution P, which is generated from
the second view x,. The temperature parameters
Ts and T, control the sharpness of these
distributions, helping the model focus on
meaningful semantic relationships. Ensures the
model captures subtle wear characteristics on tool
surfaces while maintaining stability against
environmental variations like lighting and scale
changes.  Furthermore, the teacher-student
parameter update rule can be formurla as:

6, < 16, +(1-1)6, )
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In this exponential moving average update,
6:and 6;denote the parameters of the teacher and
student networks, respectively. The momentum
coefficient A, a value very close to 1, dictates the
update speed.Guarantees reliable feature extraction
during fine-tuning, allowing the pre-trained model
to quickly adapt to specific tool wear domains
even with limited samples. This integration creates
a powerful tool wear detection system that
accurately locates wear areas, quantifies
degradation levels, and maintains consistent
performance in complex industrial environments,
thereby providing reliable technical support for
tool condition monitoring in smart manufacturing

applications.
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Figure 2. The architecture of Mamba block.

C. Mamba Block

To further augment the model's capability in
capturing long-range dependencies and fine-
grained spatial relationships within tool wear
images, we integrate the Mamba block. As a state
space model (SSM) [13] with data-dependent
selection mechanisms, Mamba overcomes the
computational limitations of traditional
transformers while excelling at modeling complex
global contexts. This is particularly beneficial for
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tool wear detection, where a single localized wear
region may be correlated with distant visual cues
across the entire tool surface. The core of the
Mamba block involves a structured state space
sequence transformation. It was illustrated in
Figure 2. The continuous-time state space is
defined by the following equations:

h'(t) = Ah(t) + Bx(t) 3)

y(t) =Ch(t) + Dx(t) )

Here, h(t) represents the hidden state at time tt,
X(t) is the input signal, and y(t) is the output signal.
The matrices A, B, C, and D are parameters that
govern the system's dynamics.

For digital computation, the continuous system
is discretized using a zero-order hold method with
a timescale parameter A . This is achieved by
transforming the continuous parameters (A, B)
into their discrete counterparts (A, B):

A = exp(AA) (5)

B=(AA)Y(exp(AA) —-1)-AB  (6)
The discrete-time computation for a given input

sequence xi is then performed via a linear

recurrence or a parallelized global convolution:

h, = Ah_, +Bx, (7

Y, =Ch, +Dx, (8)

By integrating the Mamba block after the
DINOv3 backbone and before the YOLO
detection heads, the feature maps are enriched
with  globally-aware,  contextually  refined
representations. This enables the detection system
to not only identify local wear spots but also
understand their significance within the broader
context of the entire tool's condition, leading to
more robust and accurate wear level quantification
and  localization in  complex industrial
environments.
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D. Mechanistic Analysis of the Synergy Between
Mamba Blocks and DINOv3

The significant performance enhancement
achieved by our proposed architecture is not
merely a result of stacking advanced modules, but
stems from the fundamental theoretical
complementarity between the static semantic
extraction of DINOv3 and the dynamic contextual
modeling of Mamba. This synergy functions,
driven by three specific mechanistic pathways:

First, Global Contextualization via Linear
Complexity. While DINOv3 excels at extracting
object-centric features via its attention mechanism,
standard Vision Transformers often lack efficient
global modeling at high resolutions due to
quadratic computational complexity O(N”2). In
contrast, the Mamba block introduces a linear-
complexity global receptive field O(N). By
treating the flattened feature map as a sequence,
Mamba utilizes its recurrent state space model to
propagate information across the entire image.
This allows the detection head to correlate distant
visual cues—such as relating shank discoloration
to tip wear—without computational bottlenecks,
ensuring the model perceives the holistic tool state
rather than isolated patches.

Second, The “Selection Mechanism” as a
Semantic Rectifier. Industrial scenarios are often
plagued by high-frequency noise that DINOv3
might encode as salient features due to its high
sensitivity. The core innovation of Mamba—the
Data-Dependent Selection Mechanism—acts as a
dynamic  semantic  filter.  Unlike  static
convolutional layers, Mamba's input-dependent
parameters allow the model to selectively "forget"
or “"remember” information. When the scan
encounters irrelevant background noise, the model
generates a smaller time-step to suppress state
updates; conversely, when it detects wear patterns
characterized by DINO's high-level semantics, the
gate opens to integrate this information. This
process effectively rectifies the feature stream,
filtering out environmental interference while
preserving the structural integrity of wear defects.

Third, Modeling the Spatial Continuity of Wear.

Tool wear is inherently a continuous physical
phenomenon rather than a set of discrete pixels.
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While DINOv3 processes images in discrete
patches, potentially leading to fragmented
representations, Mamba is derived from
continuous-time systems. This inductive bias
makes it exceptionally capable of modeling the
spatial continuity of wear marks. By processing
DINO features through Mamba, discrete patch
embeddings are smoothed into coherent “wear
trajectories.” This ensures that the predicted
bounding boxes align with the physical reality of
the defect's shape, significantly improving
localization accuracy and Intersection over Union
(loU) scores.

I11. EXPERIMENT
A. Experimental Settings
Data and Evaluation. To evaluate the

performance of the proposed MD-YOLOV12, We
collected a dataset of approximately 8,038 tool
wear images, called Tool Wear Detection Dataset
(TWDD) , including normal wear, crater wear,
flank wear, and groove wear. The worn tools were
annotated, with 70% of the data used as the
training set, 20% as the validation set for testing,
and 10% as the test set. We employ mAPS50 [14]
as the evaluation metrics. Figure 3. Presents visual
examples of each type of defect.

7

/i

Without Wear Slight Wearr

Severe Wear

Figure 3. Examples of TWDD dataset.

Training Settings. We employ different variant
of DINOv3 as the backbone of MD-YOLOv12.
Since DINOv3 is already a powerful feature
extractor, we freeze its parameters during training
to reduce the number of trainable parameters and
model complexity. It underwent training
employing the Adam optimizer, lauded for its
adaptive learning rate features that expedite model
convergence. The initial learning rate was
configured at 0.003, which diminishes the learning
rate by a factor of 0.1 in the absence of
performance enhancements on the validation set
over 20 consecutive epochs. Training extended
across 200 epochs, with early stopping
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mechanisms in place to avert overfitting. This
halts the training process if the validation loss fails
to improve over 20 consecutive epochs. To
enhance model robustness against real-world
variations, data augmentation techniques such as
random rotations, translations, and scaling
(detailed in the Dataset subsection) were applied to
the training images. Our model is implemented
using PyTorch [15] and trained on two RTX 3090
GPUs.

B. Ablation Study

As shown in Table 1, demonstrating that
optimal integration strategies depend strongly on

YOLO backbone scale, DINOv3 model
variant. The ablation results demonstrate that
optimal DINO-YOLO configurations vary

systematically with YOLO model scales, refuting
the hypothesis that a single universal integration
strategy exists for all model sizes. When
employing DINOv3 ViT-L/16 as the backbone
with ' YOLOv12-M configuration, the model
achieves its best performance of 58.78% mAP50.
The large backbone network possesses sufficient
capacity to effectively integrate semantic features
from two DINOv3 injection points without
causing architectural interference or gradient flow
complications. Furthermore, we observe that the
introduction of the Mamba block brings
performance improvements to all configured
models, with optimal performance consistently
achieved when both DINOv3 and Mamba block
are incorporated simultaneously.

Based on the ablation findings discussed above,
practitioners  should  select  configurations
according to deployment requirements and
resource constraints. For application scenarios
where computational resources permit and
maximum detection accuracy is prioritized, the
optimal configuration when employing a large-
scale backbone is YOLOv12-M with DINOv3
ViT-L/16. We show visual in Figure 4. This
validates that the integration of high-quality DINO
features with strategic architectural design enables
efficient models to outperform larger counterparts.
For resource-constrained edge deployment
scenarios requiring small-scale architectures,
practitioners should adopt YOLOvV12-S with
DINOv3 ViT-B/16.5
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C. Comparison with State-of-the-Art Methods

To validate the adaptability of our model in
complex industrial scenarios, specifically under
conditions of strong interference and micro-wear,
we conducted a comprehensive evaluation. We
compared our proposed MD-YOLOv12 against
seven state-of-the-art (SOTA) object detection
methods: YOLOv3 [16], YOLOvV5 [17], YOLOv7
[18], Gold-YOLO [19], YOLOVS [20], YOLOvV10
[21], and the baseline YOLOvV12.

Figure 4. Visual result for MD-YOLOV12 in out test cases.

TABLE I ABLATION STUDY OF DM-YOLOV12 ARCHITECTURAL
CONFIGURATIONS ON TWDD DATASET.
Model Configuration YOLOv12 DINOV mAP50
Scale Variant
YOLOv12(baseline) L ViT-B/16 0.4325
YOLOv12+Mamba L ViT-B/16 0.4673
YOLOv12+Mamba+DIN L ViT-B/16 0.5497
0ov3
YOLOv12(baseline) L ViT-L/16 0.4461
YOLOv12+Mamba L ViT-L/16 0.4871
YOLOv12+Mamba+DIN L ViT-L/16 0.5831
ov3
YOLOv12(baseline) M ViT-B/16 0.4152
YOLOv12+Mamba M ViT-B/16 0.4367
YOLOv12+Mamba+DIN M ViT-B/16 0.5579
ov3
YOLOv12(baseline) M ViT-L/16 0.4356
YOLOv12+Mamba M ViT-L/16 0.4651
YOLOv12+Mamba+DIN M ViT-L/16 0.5878
ov3
YOLOv12(baseline) S ViT-B/16 0.4051
YOLOv12+Mamba S ViT-B/16 0.4571
YOLOv12+Mamba+DIN S ViT-B/16 0.5481
ov3
YOLOv12(baseline) S ViT-L/16 0.4517
YOLOv12+Mamba S ViT-L/16 0.4401
YOLOv12+Mamba+DIN S ViT-L/16 0.5591
ov3

As shown in the experimental results, MD-
YOLOv12 (specifically the M-scale variant)
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demonstrates significant superiority over baseline
models. In terms of mAP50, our model achieves
improvements of 24.53%, 19.05%, 16.81%,
15.62%, 8.24%, and 17.80% over YOLOV3,
YOLOV5, YOLOv7, Gold-YOLO, YOLOVS, and
YOLOV10, respectively. Notably, even compared
to the latest YOLOv12 baseline, MD-YOLOv12
secures a 6.62% performance gain.

TABLE II. QUANTITATIVE COMPARISON WITH STATE-OF-THE-ART
METHODS.

Model Param.(M) mAP50
YOLOv3-M 321 0.3425
YOLOvV5-M 36.1 0.3973
YOLOv7-M 349 0.4197

Gold-YOLO-M 41.3 0.4316
YOLOV8-M 25.9 0.5054
YOLOv10-M 24.8 0.4098
YOLOv12-M 171 0.5216
MD-YOLOv12-M 16.4 0.5878

This substantial improvement highlights the
advanced nature of MD-YOLOv12 in tool wear
detection. While models like YOLOvV10 offer a
decent balance between speed and accuracy, MD-
YOLOv12 exhibits better robustness in
distinguishing tiny wear patterns from complex
background noise. It effectively solves the
problem of missed detections caused by micro-
scale features and environmental interference,
offering the most optimal trade-off for real-time
industrial inspection.

IV. CONCLUSIONS

In the field of mechanical machining, tool wear
detection is crucial for ensuring machining quality
and efficiency, yet it faces severe challenges such
as scarce annotated data and complex working
conditions. Traditional large-capacity detection
models (e.g., YOLO) trained on large-scale
annotated data are prone to overfitting in such
few-shot scenarios, resulting in insufficient
generalization capability. This study innovatively
proposes a hybrid detection architecture named
MD-YOLOV12, which strategically integrates the
powerful visual semantic understanding capability
of the self-supervised pre-trained model DINOv3
with the YOLOv12 detection framework. By
injecting general features at two complementary
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locations — input preprocessing and the middle
layer of the backbone network —the proposed
method effectively overcomes the data bottleneck
and enables robust feature learning without relying
on large amounts of annotated data. Extensive
experiments on a specialized tool wear dataset
containing 8083  high-resolution  images
demonstrate that this solution outperforms existing
advanced methods, providing an effective
approach for data-efficient object detection in
industrial scenarios.
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