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Abstract

With the continuous growth of municipal solid waste, waste classification has become an important
part of resource recycling and fine-grained urban governance. To address the low efficiency and
high cost of manual sorting, as well as the limited generalization ability of intelligent classification
models in complex scenarios, this study constructs a multi-model comparative framework based on
a public waste image dataset and investigates the waste multi-classification problem using both sta-
tistical machine learning and deep learning methods. This paper first extracts multi-dimensional
visual features—including contour, texture, and color information—by fusing HOG-LBP-HSV de-
scriptors, and subsequently trains three classical models: Support Vector Machine (SVM), Random
Forest (RF), and XGBoost. Then, three pretrained deep learning models, ResNet18, MobileNetV3-
Large, and Swin-Tiny, are fine-tuned under a transfer learning strategy. The original training set is
split into training and validation subsets with a ratio of 9:1, while the original test set is used as an
independent test set. Comprehensive performance assessment is conducted using multiple metrics,
including Accuracy, Macro-Precision, Macro-Recall, Macro-F1, ROC-AUC, as well as computational
efficiency indicators such as inference FPS, parameter count, and FLOPs. ANOVA was introduced to
verify the significance of performance differences, and an interpretable analysis was completed by
combining the normalized confusion matrix and high-frequency misclassified samples. Experi-
mental results show that deep learning models significantly outperform traditional statistical base-
lines in waste classification. Among all models, Swin-Tiny achieves the best overall performance on
the test set, while ResNet18 and MobileNetV3-Large also demonstrate strong feature learning and
generalization capabilities. In contrast, SVM, RF, and XGBoost are constrained by handcrafted fea-
ture representations and show relatively weaker performance in recognizing visually similar cate-
gories. Further confusion matrix and misclassification case analyses indicate that most errors occur
between categories with similar appearance and material characteristics. Overall, this study vali-
dates the effectiveness of transfer learning-based deep models in municipal waste classification and
provides useful evidence for model selection and practical deployment in intelligent waste sorting
systems.
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Rabano %56, E4MKZE T LRE AR BIGRE SUEEE, TEMRNIEM . BaEE1E
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B, FEIFERAC, EAFE ARG K&, 7SS S UE 7], IRk, W
Transformer BLAYSEAE T CNN JREBRFEIR VA /IR, SR 1 B ERE ML IE B 4R R e, TRk
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Figure 1. Training process of deep learning models
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REUIZRAT AT R R S5t (8], (25 AT 48l i $2 my i 28 £ RE . MobileNetV3. ResNet18 %]
UG )R BN 1le—4, Swin-Tiny [K| Transformer &5 F I R, 14625 ) RIS 5e-5, —FH IR
SRR IR A 00 A AR 2 o) RO 58 IR IE LG, 5 BRI 22 ) 2R AU 0 2R B AU,
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Table 1. Performance comparison of different models
= 1. TEMEERMEREXTEE

WgiEns  Z8E  HEE REEE

g s s EmEs e DO BEE TR
SVM 0.6487 0.4861 0.4109 0.4010 910.3 - - - -
RF 0.6130 0.3432 0.3358 0.3296 9.21 - - - -
XGBoost 0.6134 0.4271 0.4206 0.4070 57.06 - - - -
ResNet18 0.9155  0.8598  0.8853  0.8685  1142.71 11.18 1.82 5.35 186.9
MobileNetv3  0.9419  0.8891  0.9218  0.9042  1112.17 4.21 0.23 11.59 86.3
Swin-Tiny 0.9587  0.9221  0.9429  0.9319  1968.55 27.52 3.13 26.29 38.0
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Figure 2. Performance of different models on testing data
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FILAETT. SYM IEEARVEREAL T-BENLARAR, XULBAZE MATHdESE b, 2T HOG SE4FEM SVM TEE &
WL AT o BEVLARAR BT DU R PRI A, Ot 5 TR R A B oy AR FE TN e 4 A HL2&
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BRI A R R RE D TERS B LR EAULE, (AZRTERKNSHESIHER, HHMERELEENER, &
FH 500 50 2K P SR P g L HERE BEUR 70 2 1 o P A iR S5 3 5

TENGIRANR IG5, BB TAEE R SR T ST Sem R, 0 HERLE B ZoR 5 . ResNet18
A 186.9 FPS [HEFL I FEAL R 100, MERZRATI IR RFIE R /KT, 2 SERT PR BRI M I 2037 5, & se bt
Wy HrRim /K 2655 HIAR % 75 % - MobileNetV3-Large /£ A5 HU 15 86.3 FPS. 0.9419 #Effi% , #H%% ResNet18,
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Figure 3. Trade-Off between inference speed and accuracy of different models on testing data

3. NEHERFEMIASE EROHEIRIR E 5 i R A

HoAE R A AR AE B R R, R TR A P 2 A BLR W] ) B AR SE B IE VE R AR 5 Hard-Swish
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Figure 4. Macro-ROC comparison about different models
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Figure 6. Common high-frequency error cases of different models on the testing dataset
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