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Abstract: Under the strategic goals of "Dual Carbon," the green transformation of the iron and steel industry hinges on the
efficient recycling of scrap steel resources. To address the limitations of existing scrap steel recognition methods—such as low
efficiency, reliance on manual experience, insufficient unimodal analysis capability, and deployment challenges—this study
proposes a novel cross-modal recognition large model that integrates chain-of-thought (CoT) reasoning and lightweight
knowledge distillation. Firstly, a cross-modal recognition framework based on CLIP and SAM is constructed to establish a
"shape-image-composition" semantic mapping, enabling fine-grained segmentation and compositional association of scrap steel.
Secondly, a model compression strategy incorporating multi-dimensional knowledge transfer and chain-of-thought guidance is
designed. This strategy effectively adapts the capabilities of the large model for edge computing devices while preserving high
accuracy and ensuring the interpretability of the decision-making process. Finally, an intelligent decision-making closed-loop
system of "composition prediction - charge optimization - process calibration" is developed by integrating the aforementioned
model. Experimental results demonstrate that the optimized lightweight model achieves an inference speed of 35 FPS on edge
devices with a mean Average Precision of 92.1%. System-level simulation shows an 8.2 percentage point increase in scrap steel
utilization rate and a significant enhancement in process stability. This research provides a high-precision, high-real-time, and
highly reliable solution for the intelligent upgrading of short-process steelmaking.
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reasoning capabilities. The CLIP model, trained via
contrastive learning on massive image-text pairs, aligns

1. Introduction

The iron and steel industry, a fundamental pillar of the images and text in a 1.1r.1iﬁed .s§mantic space, granting the
national economy, is also a major sector for energy mode'l z§r0-sh0t recognition ability based on ngtural language
consumption and carbon emissions. To achieve the strategic descriptions[4]. The SAM model, as a foundational model for
objectives of "Carbon Peak and Carbon Neutrality," general segmentation, exhibits excellent zero-shot instance
developing electric arc furnace (EAF) short-process segmentatiqn performance[5]. Comb‘ir'ling these two models
steelmaking technology, which primarily uses scrap steel as can theoretl'cally construct a recognition system 'ca‘lpable of
feedstock, has become the core pathway for the industry's both precisely localizing scrap steel entities and
green and low-carbon transition[1]. Maximizing the benefits understanding their semantic composition. However, the
of this process urgently requires rapid, accurate identification, substanngl computational and storage demands Of large
classification, and compositional tracing of scrap steel, which quels like CLIP'SAM create a significant gap with the
is characterized by complex sources and diverse stringent requirements for re.al—tlmc? performance and low
morphologies. power consumption in 1n.dus‘Fr1al settmgs. . .

Currently, the scrap steel recycling and pre-processing Therefore, the key sc1ent1ﬁg question th}s study aims to
stages in China predominantly rely on manual visual sorting address is: HOW can t'h'e'exceptlonal perception and semantic
and experiential judgment, suffering from inherent drawbacks unde.rstandmg capabilities Qf cros's-modal large models be
such as low efficiency, poor consistency, and high cost. §fﬁ01egtly transferred to hghtwgght quels suitable for
Although computer vision-based deep learning object 1ndustr1al ?dge deployment, while ensuring accuracy and
detection models (e.g., YOLO, Faster R-CNN) have been interpretability, and subsequently integrated into the
introduced into this field[2][3], enabling preliminary productipn decisiop-making loop.
automation, their limitations are pronounced: (1) Modality To this end, this study proposes a three-stage resea.rch
Singularity: Relying solely on visual features makes it framework: (D Construction of a Cross-qugl Perception
difficult to establish intrinsic connections with critical process Base: Integrating CLIP and SAM to form a joint model for
parameters such as chemical composition and metallurgical scrap steel image segmentation and semantic understanding.
properties. (2) Poor Scene Adaptability: They  exhibit 2) ng}}nvelghtlng and Interpret.ab.lhty. Transfer: Proppsmg a
insufficient robustness in complex industrial environments mul.tl—dlmenswnal knowlsadge d1stlllat.10n methoq guided by
featuring stacking, adhesion, severe rust, and variable lighting, ~ chain-of-thought - reasoning to achieve efficient model
(3) Deployment Bottleneck: Complex models designed for compression and preserve inference logic. (3) Integrajuon into
high accuracy possess large parameter counts and high an Ind}lstrlal Int@l'llgent Closed Loop:'Embeddmg the
computational overhead, hindering real-time inference on lightweight recognition model as a perception node into the
resource-constrained edge devices. decision-making loop of charge optimization and process

Recently, vision-language cross-modal pre-trained models control, forming a data-driven intelligent production system.
have demonstrated powerful general perception and The main contributions of this study are: It is the first to
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systematically combine cross-modal understanding, chain-of-
thought reasoning, and industrial-grade model lightweighting
needs, proposing a complete technical paradigm from
perception and cognition to decision-making. This provides a
novel approach for the practical application of artificial
intelligence in complex industrial quality inspection and
resource optimization domains.

2. Method
2.1. Overall System Architecture

The overall architecture of the proposed intelligent scrap
steel recognition and decision-making system is illustrated in
Figure 1. The system adopts a "cloud-edge" collaborative
design: large model training and knowledge distillation are
completed in the cloud; the lightweight recognition model is
deployed at the edge for real-time perception; decision
optimization algorithms can be deployed in the cloud or on
edge servers. The overall workflow comprises three core
modules: cross-modal perception, lightweight inference, and
the intelligent decision-making closed loop.
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2.2. CLIP-SAM Cross-Modal Recognition
Model

This section constructs the foundational model for fine-
grained scrap steel recognition. Define the input scrap steel
image as 1 € R"W*3 and the pre-defined set of scrap steel
composition textual descriptions as T={ti,ta,...,tn}.

2.2.1. Instance Segmentation based on SAM

The image I is input into the SAM model. SAM's image
encoder f.,SAM first extracts image features FI=f,SAM().
This study employs its automatic mask generation mode,
which outputs K high-quality binary masks {Mk}i%, each
corresponding to an independent scrap steel target region, by
predicting stability scores for a series of candidate objects.
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Figure 2. SAM model principle
2.2.2. Semantic Matching and Composition Association
based on CLIP
For the k-th segmented target, its mask My is applied to the
original image I, and after cropping and standardization, the

target image patch Iy is obtained. I is input into CLIP's image
encoder fe, P Me o obtain its visual feature vector
Vi fencCHPmE(Ty). Simultaneously, each description tj in the
text set T is input into CLIP's text encoder fo,c "™ to obtain
text feature vectors uj=fen""P"™(tj). The cosine similarity
between the image feature vi and all text features {u;}is
calculated:

~ Vx A Vi
= = 1
Vx ||vx||’Vi Ive M
s(x,t) = % 2

Finally, the category and composition prediction for this
scrap steel target is t"k = arg max tj € Ts(k,j) . This
process establishes a mapping from pixel-level regions to
structured semantic descriptions.
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Figure 3. CLIP-SAM Cross-Modal Process Schematic

2.3. Lightweight Knowledge Distillation
Integrated with Chain-of-Thought

To transfer the capabilities of the teacher model M(CLIP-
SAM) to the lightweight student model Ms, we design a
distillation method incorporating supervision of intermediate
reasoning logic.

2.3.1. Design of Distillation Loss Functions

The total loss function Ly consists of four parts:

(1) Output Logic Distillation Loss

The Kullback—Leibler divergence measures the
discrepancy between the output probability distributions Pt
and Ps of the teacher and student models[6]:

k)
Looft = KL(py (yI0)lipg(yix)) = X, b, G1x)log T (3)

(2) Intermediate Representation Distillation Loss

Visual Feature Matching: At specific layers of the encoders,
the difference between student and teacher feature maps is
constrained:

Lseat” :ézgl(ﬁ(xi)'f\é(xi))z S

where 01", ¢s'are the visual feature extraction functions of
teacher and student models, respectively, and DD is the
training dataset.

Text Feature Matching: Similarly, the text embeddings are
constrained:

t _1¢N 2
Lfea= 5 21 (f{T(Xi)‘f{S (Xi)) %
(3) Cross-Modal Alignment Distillation Loss
To preserve the core contrastive learning capability of CLIP,
a loss based on image-text pair similarity is designed:
exp(vs 'uS/T) ) exp(vT-uT/T) (6)
i exp(vs 'uT,i/T) i exp(vT’i 'uS/T)
2.3.2. Chain-of-Thought Guidance Mechanism
Chain-of-Thought aims to model and transfer the implicit
reasoning process within the teacher model. Define the
teacher's reasoning chain for sample x; as Cr'={ci, Ca,...,.cL},
where cl represents the 1-th reasoning step (e.g., focusing on
a specific region, activating a certain semantic concept).
Guidance is implemented as follows:

Lcontrast:'1



Chain Extraction: Techniques such as Gradient-weighted
Class Activation Mapping (Grad-CAM) and cross-attention
weight analysis are used to extract the attention
distribution ATi € RH'XW' over key visual regions and the
image-text feature interaction matrix RTi € Rdvxdt from the
teacher model[7].

Chain Supervision: Auxiliary loss functions are
introduced during student model training to align its
intermediate representations with the teacher's reasoning
chain:

LCOT = % (I Ab — A% lp +Il Ry — RS lls)  (7)

where |-l denotes the Frobenius norm. This loss

encourages the student model to mimic the teacher's "focus of
attention" and "association logic."

The final optimization objective is:

Liotar = llLsoft + AZ‘C};eat + ASL;eat + MLcontrase +

AsLcor @®)

where A4, ..., As are weighting coefficients balancing the
individual losses.
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Figure 4. CoT-Guided Knowledge Distillation Framework

2.4. Intelligent Decision-Making Closed-Loop
System

Recognition results provide input for decision-making. The
intelligent closed-loop process constructed in this system is
shown in Figure 5.
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Figure 5. Decision-Making Closéd-Loop Flowchart
2.4.1. Multi-Objective Charge Optimization Model

Suppose mm types of scrap steel are identified. Let the
predicted composition vector for the ii-th type be e;€RC (C
is the number of elements), its available quantity be q;, and its
unit price be pi. The composition requirement of the target
steel grade is the interval [lreq,Ureq]. The decision variables are
the charge ratiosx;. The following multi-objective
optimization problem is established:

The Pareto front of this problem is solved using an elitist
non-dominated sorting genetic algorithm (NSGA-II), and the
final charge ratio scheme is selected based on actual
production preferences[8].
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2.4.2. Dynamic Recommendation and Calibration of
Process Parameters

Based on the optimal charge ratio scheme x*, the initial set
of process parameters paramsis;c is recommended by querying
similar cases from the historical production database
containing '"charge ratio-process-quality” triples[9], or by
utilizing a pre-trained deep neural network model g(-), i.e.,
paramsiyi=g(x*). During the smelting process, real-time
sensor data stream st is collected, and key parameters (e.g.,
temperature, oxygen blowing volume) are dynamically fine-
tuned via Kalman filtering or rule-based expert systems to
ensure the process remains stable and on target.

2.5. Model Training and Optimization

2.5.1. Training Data Processing

Data Sources: Public image datasets such as ImageNet
were referenced, and historical process data from the past 3—
5 years was retrieved from the production databases of
collaborating steel plants[10].

Preprocessing Methods: Scrap steel images underwent
size normalization to a uniform resolution of 384x384 pixels,
color gamut standardization (converted to RGB format with
pixel values normalized to the range [0,1]). Data
augmentation techniques including random flipping, rotation,
Gaussian blur, and brightness/contrast adjustment were
applied to the scrap steel images. For numerical data (e.g.,

process parameters, component content), Min-Max
normalization was adopted to eliminate dimensional
discrepancies.

Data Scale: A final dataset was constructed containing
over 100,000 scrap steel image samples and 50,000+ process
parameter records, partitioned into training (70%), validation
(20%), and test (10%) subsets.

2.5.2. Model Training Process

Training Initialization: A transfer learning strategy was
employed. The CLIP model was initialized with pre-trained
weights and the SAM model with official pre-trained
parameters. The first 5 layers of weights were frozen for
initial fine-tuning to reduce cold-start training costs.

Stage-wise Training Strategy:

oStage 1 (Epochs 1-30): Focused on cross-modal
alignment. The weights of the SAM segmentation module
were fixed, and only the image and text encoders of CLIP
were trained to strengthen the semantic mapping between
"images and component descriptions". The learning rate was
set to 0.001 with a batch size of 32.

oStage 2 (Epochs 31-70): The SAM module was unfrozen
to enable joint training of the CLIP-SAM fusion architecture.
A joint loss function incorporating segmentation masks and
component labels was introduced. The learning rate decayed
to 0.0005, and the batch size was adjusted to 16 to
accommodate complex computations.

oStage 3 (Epochs 71-100): Knowledge distillation loss was
integrated to train the teacher and student models
synchronously. The learning rate was reduced to 0.0001 via a
cosine annealing strategy to ensure stable convergence of the
knowledge-distilled model.

Dynamic Adjustment of Key Parameters: The temperature
parameter T was dynamically adjusted based on the
segmentation mAP and component prediction error on the
validation set. The distillation loss weights (Ai—\4) were fine-
tuned in the late training phase to A:i=0.3, 22=0.25, A5=0.25,
A=0.2 to enhance feature alignment.
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SO o e o ‘ model output. Redundant channels with contribution <5%
-------------------- : were pruned, reducing the model parameter count with a
precision loss of <1%. For inference acceleration, TensorRT
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Generalization Optimization: MixUp data augmentation
Feature Response without Spatial Attention Module was used to generate cross-category mixed samples[11],

alleviating overfitting on small-sample classes and improving
recognition accuracy for long-tail categories. Steel plant
o8 environmental noise simulation was incorporated (random
image occlusion, brightness/contrast adjustment) to enhance
: the model’s adaptability to industrial field conditions[12].
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The figure displays the instance segmentation results of
scrap steel based on the CLIP-SAM model. Regions in
different colors and labeled "label" series tags correspond to
individual scrap steel pieces with distinct morphologies and
categories. It is evident that the hybrid model achieves
accurate identification and segmentation of various scrap
steel types in complex stacking scenarios, providing precise
visual recognition support for subsequent refined
classification, component analysis, and optimization of steel-
making blending schemes.

3. Experiments and Results Analysis

3.1. Experimental Setup

Dataset: The real-world scrap steel dataset SSD-10K
provided by a cooperative steel plant is used[13]. It contains
10,800 high-resolution images covering 8 major and 32 minor
scrap steel categories. 30% of samples from each category are
randomly selected for chemical composition testing as partial
ground truth. The dataset is split into training, validation, and
test sets in a 7:2:1 ratio.

Comparative Models:

YOLOv5Sm: A commonly used benchmark model for
industrial detection.

Faster R-CNN (ResNet-50): A representative two-stage
detection model.

Original CLIP-SAM: Serves as the teacher model and the
performance upper bound reference.

KD-Baseline: A lightweight model distilled using only Egs.
(1)- 4).

Evaluation = Metrics: Recognition  accuracy, model
complexity (number of parameters, FLOPs), edge inference
speed (FPS, tested on NVIDIA Jetson AGX Orin). System-
level metrics employ the scrap steel utilization rate
improvement and cost per ton of steel change rate for
simulation evaluation.

3.2. Recognition Performance and Efficiency

Comparison
Table 1. Model performance on SSD-10K test set
Inference

Model mAP | Params | FLOPs Speed
YOLOv5mM 85.4 20.9 48.1 42
Faster R-CNN 87.1 41.5 206.3 15

Original CLIP-

SAM 94.2 | >1100 | >1500 <1
KD-Baseline 89.3 7.2 16.8 38
Ours (KD+CoT) | 921 | 7.9 175 35

Analysis: The original CLIP-SAM has the highest
accuracy but is not suitable for real-time operation. The
traditional distillation model (KD-Baseline) shows significant
advantages in speed and size but suffers a 4.9% drop in
accuracy compared to the teacher. Our model significantly
improves accuracy to 92.1% under nearly equivalent
efficiency, reducing the gap with the teacher model to 2.1%,
effectively balancing the accuracy-efficiency trade-off.

3.3. Ablation Study on Chain-of-Thought
Distillation
To validate the effectiveness of the Chain-of-Thought
mechanism, an ablation study was conducted using the same

dataset and student network architecture. Results are shown
in Table 2.
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Table 2. Ablation Study Results

. . Challenging

Experimental Setting Overall Subset
KD-Baseline (w/o CoT) 89.3% 81.5%

+ Visual Attention Alignment o o
(Eq.5 first term) 90.7% 85.2%

+ Cross-Modal Interaction 0 0
Alignment (Eq.5 second term) 91.2% 86.8%
Ours (Full CoT) 92.1% 88.6%

Analysis: Introducing Chain-of-Thought supervision
consistently improves accuracy, with cross-modal interaction
alignment contributing more. The improvement is more
pronounced (+7.1%) on the challenging subset featuring
severe stacking and rust, indicating the mec anism's role in
enhancing model understanding and reasoning capability.

4. Conclusion

This study presents a comprehensive framework for
intelligent scrap steel recognition by integrating cutting-edge
cross-modal  understanding with  practical industrial
deployment constraints. The proposed method systematically
addresses the core challenges in the field: the lack of semantic
composition awareness in pure vision models, the
computational infeasibility of large models for real-time edge
application, and the need for interpretable and actionable
decision-making.

The primary achievement lies in the successful
construction and validation of a three-stage pipeline. First, the
fusion of CLIP and SAM establishes a robust cross-modal
perception base, enabling the model to not only segment
individual scrap pieces in complex piles but also associate
them with descriptive compositional text, effectively bridging
visual appearance and metallurgical properties. Second, the
novel lightweight knowledge distillation strategy, enhanced
by Chain-of-Thought reasoning, represents a significant
technical contribution. It demonstrates that by distilling not
only the outputs and intermediate features but also the
implicit logical reasoning pathways of the teacher model, it is
possible to create a compact student network that retains a
remarkable degree of the original model's accuracy and
semantic understanding. This is evidenced by the student
model achieving 92.1% mAP at 35 FPS, a favorable trade-off
compared to the 94.2% mAP of the massive, non-real-time
teacher model. Third, the integration of this lightweight
recognizer into a closed-loop decision system validates its
practical utility. The simulation results indicate tangible
benefits, including an 8.2% increase in scrap utilization and a
5.1% reduction in estimated raw material cost, highlighting
the transition from accurate perception to valuable industrial
optimization.

5. Discussion

While the results are promising, several aspects warrant
further discussion and point to directions for future research.
Firstly, the performance of the cross-modal recognition
module is inherently tied to the quality and
comprehensiveness of the textual description library.
Although CLIP's zero-shot capability offers flexibility, the
accuracy of composition prediction for niche or novel scrap
types with ambiguous visual features may be limited[14].
Future work could explore interactive or iterative human-in-
the-loop refinement of text prompts or incorporate few-shot
learning techniques to dynamically expand with minimal



new labeled data.

Secondly, the distillation process, particularly the Chain-
of-Thought extraction, relies on interpretability techniques
like attention visualization[15]. The fidelity of this extracted
"reasoning chain" in representing the teacher model's true
decision process can be debated. While the performance
improvement validates the approach, developing more
rigorous and quantitative methods for verifying and refining
the extracted logical steps is an important avenue for making
the distillation process more principled.

Thirdly, the system-level simulation, while based on real
historical data, represents an offline, retrospective analysis.
The true test of the closed-loop system lies in its online, real-
time performance in a noisy industrial environment. Factors
such as varying lighting conditions, dust, and fast-moving
material handling equipment could impact the robustness of
the image acquisition and segmentation stages. Deploying a
pilot system for online testing is a crucial next step to evaluate
long-term stability, identify failure modes, and gather data for
continuous adaptation.

Finally, the current multi-objective optimization model (Eq.

8) focuses on static cost and utilization. In a dynamic
production setting, other factors become critical, such as
energy consumption fluctuations, inventory management of
alloys, and scheduling constraints between multiple furnaces.
Extending the decision framework to a more holistic,
dynamic optimization problem that incorporates real-time
market prices, energy costs, and production scheduling would
significantly = enhance its operational value and
complexity[16].

In summary, this research provides a foundational and
effective framework for Al-driven scrap steel management.
The integration of cross-modal perception, reasoning-aware
model compression, and decision optimization marks a step
forward in industrial AI applications. Addressing the
discussed limitations through enhanced adaptability, rigorous
verification, real-world deployment, and more sophisticated
dynamic optimization will be key to transitioning this
promising solution from a validated prototype to a
transformative industrial tool.
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