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Abstract: In response to the severe stacking of scrap steel samples and the need for refined classification of scrap steel types, this paper
proposes a scrap steel image classification method based on cross-layer fusion of semantic-enhanced features. The proposed method
consists of several stages, aiming to optimize the accuracy and efficiency of scrap steel classification. The first stage is motion detection,
which is used to extract scrap steel images without moving objects such as grapples from video sequences. This step ensures that the
dataset excludes irrelevant objects, providing a more accurate foundation for subsequent analysis. Next, the state-of-the-art visual model
“Segment Anything Model (SAM)” is applied to perform semantic segmentation on scrap steel images without moving objects such as
grapples, to segment the instances in the scrap steel images. The core contribution of this paper lies in the design of a scrap steel image
classification model, EfficientNetB5-CLFSEF, which can effectively handle the subtle differences between scrap steel categories and the
significant morphological changes within each category. This model uses EfficientNetB5 as the feature extractor, as it is renowned for its
efficiency and high performance in visual recognition tasks. Additionally, the model integrates a novel cross-layer fusion of semantic-
enhanced features (CLFSEF) module, which is crucial for improving the classification accuracy of scrap steel images. The CLFSEF module
consists of two key components; cross-layer feature fusion ( CLF) and semantic-enhanced features (SEF). CLF fuses the features from
different layers of the EfficientNetB5 feature extractor, enabling the model to capture deep semantic information and low-level details such
as boundaries, which is crucial for distinguishing similar scrap steel categories. On the other hand, the SEF module groups the fused

features based on semantic similarity between channels. This grouping process enables the model to focus on the most discriminative
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features in the image. Moreover, the SEF module also integrates knowledge distillation and maximum entropy regularization techniques to
enhance the model’ s ability to recognize the most significant parts of the input scrap steel images. To validate the proposed method,
experiments were conducted using a specially customized dataset for scrap steel classification. The benchmark EfficientNetBS achieved an
accuracy of 87.98% on the test set. After introducing the CLF module, the accuracy increased to 89.63%. Adding the SEF module
resulted in an accuracy of 89.23%, and when the CLF and SEF modules are combined into the complete CLFSEF module, the accuracy
increased to 90. 51%. Compared to the benchmark classification model, these improvements increased by 1.65%, 1.25%, and 2.53%

respectively. Moreover, the proposed model outperforms the comparison classification models.
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Table 1 Classification standard for scrap steel
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Table 2 Dataset statistics
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Fig. 6  Confusion matrices of each model in the ablation experiment
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Table 4 Results of the ablation experiment

B HERT%/ % FERIF N/ MB
EfficientNetB5 87.98 118.0
EfficientNetB5-SEF 89.23(+1.25) 130.0
EfficientNetB5-CLF 89.63(+1.65) 121.0
EfficientNetB5-CLFSEF ( ours) 90.51(+2.53) 130.3




. 286 - S 1[I I IV = 3

39 &

JERTRL 1 Bk 2 ok 1 RIAORE 2 DU SR IR 2 0 K AN
PRI T B E R, BARWF , M T SRl o 2
AU EfficientNetB5 , iZ 5 A1 Y 73 A ERR K 87. 98% 4T+ 2
90.51% ,#¢@ T 2.53%, X —$2E T F 21525 T CLFSEF
B e, o, B2 FRERLS CLF 3B i fl &
ARIZRFE , (AR BEAE 7T SRR 208 U5 B Rl
1 B8 B N S 91 i B AR GO AR B 1 S SR R AE SEF
TS 43308 e X A AR e R A () 0 SCARAL P R A7 04
FREE A AR R IR A N e R 1 A 4 AR i — 2 15
TR T 15 A i L XA PR o ) R A, PR
EfficientNetB5-CLFSEF 527 G % 1 6 b %f 48 2 35 kL 1,

Confusion Matrix

type0 Eal15 1 0 350
typel 300
§ type2 250
5 200
=l
g type3
3 150
g:’ type4
100
types
50
type6 | 0
QI e N > > (Y 0
R & ¢ &L & &
FFFFEESE
True Label
(a) EfficientNetV2-Large
Confusion Matrix
type0 22 5 0 6 6 300
typel 37 250
)
—‘E type2 21 200
B type3 |10
s P 150
2 ypet |5
= typed | S
- 100
type5 9
50
type6 | 4
1 1 0
S & & L S
FFFHFFLEFEL
True Label

(¢) Swin-ViT

SPREE2 PoRE 1 ok 2 NACRHRNER K 7 2R AN AT HER
I3 AR R PRI A 21 ) S 49 T 40 o 22 e /N HLAS 26
WIEA 22 7 K Ior E ), [RlIF, 51 A Y CLFSEF 4%
POt R &R RL ) 280
2.5 MELEXRBERESH

Ry i — A5 W AR SO B A I N TR A A3 S A T
EfficientNetB5-CLFSEF X T4 SCHr i K J5 89 58 5l 1) 7326
s ﬁ'é, 7% B EfficientNetV2 % & B Vision Transformer
(ViT) " AU FI Swin Vision Transformer( Swin-ViT) [ 4
RUHATX e 8 . & H LI R FE AN 7 (a) ~ (d)
FR

Confusion Matrix

i 350
type0 eS8
300
typel
= 250
§ type2
200
B type3
Q
g 150
£ typed
100
types
50
type6
0
True Label
(b) ViT
Confusion Matrix
type0 350
typel 300
2 type2 2350
e
'q'g type3 200
2
150
g_‘-’ typed
ypes 100
50
type6 0
L
0

AN} N v ] > 5 (3]

& &' & et () &

TS
True Label

(d) EfficientNetB5-CLFSEF

BT X He S rp A A F) TRV T

Fig.7 Confusion matrices of each model in the comparative experiment

HRAE L 7 B/ () 45 455 70 %) TR 8 I T 60, AR ST 4
H 1Y EfficientNetBS-CLFSEF #AIZEGEE BT RL 1 pE 1,
WoRb 2 BEIX S P R B 1 o JERCR T AR
BAR L 2 ) R ) R R T R A B Ay bR R, R A
EfficientNetB5-CLFSEF #RUZE T 47 B B 2 5] v f AR R ¢
B RAR A RR , (H LA AR B AN BT AL 2 5] vp
3 0 2 B BT SR P 1) 43 2R M R, LT 3 1 e 22 AR 0 T
AMEZ B Z P, AR AR SCRT 3 s A R 7R B kL 1 B

L2 BBk 1 AR 2 X 4 YKL IR IS B SR A a2
SR TFAAXT R 43 258

H 7 7 B TR VA KB A5 21 A £ BE AL A T 4R Y
SYMER RN 5 PR, bR I R e e s

5 Fr R B XF b 52 5 45 R & W, EfficientNetB5-
CLFSEF B e 9t S A9 43 S e 3 L T AR RS LU B
2%, I FAE AR QR i 4 2 SR [ e s i B 1 R
TR () 2 =



12 3

BTSRRI

SCHE SRR 4 B R 0 5 07 3k - 287 -

x5 MHREERE

Table 5 Results of the comparative experiment

R HER A/ % BRI R/ MB
EfficientNetV2-Large 87.33 455.0
ViT 87.11 327.0
Swin-ViT 68. 24 331.0
EfficientNetB5-CLFSEF 90. 51 130.3
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