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Sparse attention convolution-ViT model for working condition recognition in zinc
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ABSTRACT Accurate recognition of working conditions can optimize the zinc flotation process and improve its efficiency.
Traditionally, this recognition heavily relies on manual observations of froth appearance, a method prone to human error and subjective
judgment. To address this issue and improve recognition accuracy, a sparse attention convolution-ViT model is proposed. This model
leverages machine vision techniques to investigate the relationship between froth visual features and the working conditions using real-
time froth images from industrial sites. The model aims to recognize zinc flotation working conditions in real time, thereby providing
guidance for operations. First, it combines the strengths of convolutional neural networks (CNNs) and vision transformers (ViT) to
effectively extract both local and global features from froth images. Specifically, CNNs are adept at capturing local features, such as
texture, color, and fine details of the froth, while ViT excels at identifying global features, such as the froth size distribution. By
combining these two architectures, the sparse attention convolution-ViT model comprehensively analyzes the froth images. To enhance
the global feature processing of froth images, a sparse multi-head attention mechanism is introduced into the ViT component. This
mechanism allows the model to process global features with different sparsity levels, reducing computational costs and improving the

model’s adaptability to different froth appearances. Each attention head in the sparse multi-head attention mechanism targets different
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aspects of global features, allowing the model to extract various information from the froth images while maintaining efficiency.
Furthermore, an attention gated unit is introduced to refine the feature processing. This unit allows adaptive weighting of extracted
features in the image, enhancing model interpretability and optimizing feature transfer. By effectively capturing the relevant features, the
attention-gated unit helps the model to focus on critical features of the froth images that can indicate the working conditions.
Experimental results demonstrated the effectiveness of the proposed sparse attention convolution-ViT model in recognizing zinc flotation
working conditions. The model achieved a recognition accuracy of 88.62% on the zinc flotation froth image dataset, surpassing
traditional CNN and ViT models. Ablation experiments highlighted the critical role of the sparse multi-head attention mechanism and the
attention-gated unit, contributing to accuracy improvements of 0.92% and 2.63%, respectively. Moreover, gradient-weighted class
activation mapping was used to visualize feature weights, confirming the model’s capability to effectively characterize froth images by
identifying both local and global features. This accurate recognition of zinc flotation conditions underscores the potential of the model in
providing reliable real-time recognition, supporting the optimization of the flotation process, thereby improving efficiency and resource
utilization in zinc flotation.

KEY WORDS working condition recognition; convolutional neural networks; vision transformer; sparse attention; froth flotation
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Table 1 Visual features of the froth and the slurry grade in the zinc quick rougher flotation cell corresponding to five different zinc flotation working

conditions
Froth image Visual features Slurry grade Working condition
Large size, light color, coarse texture, smooth surface <1 I
Relatively large size, lighter color, coarser texture 1-1.25 I
Medium size, uniform distribution, overall stable appearance 1.25-1.5 1]
Small size, accumulation present, darker color 1.5-1.75 v
Smaller size, finer texture, with many creased and muddied areas =1.75 \

Froth image
256%x256

Conv-3x3

Conv-3x3
Predicited working condition

Sparse attention ViT block

B3 JETHRER IS VIT SRR o0

Fig.3 Sparse attention convolution-ViT model for working condition recognition in zinc flotation
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Table 2 Parameters of the sparse attention convolution-ViT model

Layer name Output size Output channels Number
Conv-3x3(stride=2) 128%128 16 1
Conv-3x3(stride=1) 128x128 32 2
Conv-3x3(stride=2) 64x64 48 1
Conv-3x3(stride=1) 64x64 48 2
Conv-3x3(stride=2) 32x32 64 1

SA-VIiT 32x32 64 1
Conv-3x3(stride=1) 32x32 64 1
Conv-3x3(stride=2) 16x16 80 1

SA-VIiT 16x16 80 1
Conv-3x3(stride=1) 16x16 80 1
Conv-3x3(stride=2) 8x8 96 1

SA-VIiT 8x8 96 1
Conv-3x3(stride=1) 8x8 384 1

FC(Fully connected layers) 1 [32, 5] 1
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Fig.6 Model loss on the training and test datasets during training
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Table 3 Accuracy and number of parameters corresponding to different

numbers of attention layers L

L Accuracy/% Number of parameters/10°
5 82.28 1.757
6 85.55 1.963
7 87.43 2.169
8 88.36 2.375
9 88.62 2.581
10 88.64 2.788
90
88 =
| 4]
g 86 L 2.5 %
X :
g &
§ 821 o
< 30| 12.0 E
=
78+ l/ —— Accuracy é‘
76 L —u— Parameters
. - - - - . 1.5
5 6 7 8 9 10
Numbers of attention layers, L
B 7 RREREEDZMES 0 L X AR RS Ho

Fig.7 Accuracy and number of parameters corresponding to different
numbers of attention layers L
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Table 4 Ablation study of the sparse attention convolution-ViT model
Model Accuracy/% A1/%
Baseline 84.35 —
Baseline + Sparse multi-head attention 85.27 0.92
Baseline + Attention gate 86.98 2.63
Baseline + Sparse multi-head attention + 88.62 425

Attention gate

Al Il 1% # MobileNetvl, MobileNetv2 MobileNetv3.
ESPNetv2, EfficientNet-B0. EfficientNet-B1 #/1 Light-
VAT FE IR R Xof LAY, 30 A A — S 1 T 2 A5
2B A LAY CNIN AT VAT R 80 33k A 760 )
i B 7R 7 1 8 A VAT AL T 00 00 v 1 SR f 2
Bom b AT E. SEIR A5 SRR B, AR SO H AR
BB R VIT B MR Rk 2 88.62% (55 5),
T TN FE AR Rt T A A R ) B TR R T, JF
HIA BN S, B TRkt E.

I TR VA R I 2 WA [ A8 A0 SR 551 T4 ) LA
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A%, 1E 83 5 H 4y 1613 5K ; ESPNetv2 4 5% 11 3
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BRI 271 5K IR R, IE R R Ay 1549 5K
MobileNetv3 4 1% 1 51 277 7k 3 7K 1%, 1E #3751
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RS WELER NG VIT SRS HATIT 1

Table 5 Comparison between sparse attention convolution ViT model
and other models

Model Accuracy/% Number of parameters/10°
MobileNetv1 82.27 42
MobileNetv2 84.85 34
MobileNetv3 84.78 29

ESPNetv2 85.38 3.5
EfficientNet-B0 85.88 53
EfficientNet-B1 86.21 7.8

LightViT 85.11 9.4

Ours 88.62 2.6
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Fig.8 Confusion matrix of different model prediction results
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Fig.9 Grad-CAM visualization results for various models
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