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It is crucial to realize the municipal solid waste (MSW) classification in terms of its treatments and disposals. Deep learning used for the classification of residual waste and wet waste from MSW was considered as a promising method. While few studies reported using the method of deep learning with transfer learning to classify organic waste and residual waste. Thus, this study aims to discuss the effect of the transfer learning on the performance of different deep learning structures, VGGNet-16 and ResNet-50, for the classification of organic waste and residual waste, which were compared in terms of the training time, confusion matric, accuracy, precision, and recall. In addition, the algorithms of PCA and t-SNE were also adopted to compare the representation extracted from the last layer of various deep learning models. Results indicated that transfer learning could shorten the training time and the training time of various deep learning follows this order: VGGNet-16 (402 s) > VGGNet-16 with TL (272 s) > ResNet-50 (238 s) > ResNet-50 with TL (223 s). Compared with the method of PAC, waste representations were better separated from high dimension to low dimension by t-SNE. The values of organic waste in terms of F1 score follows this order: ResNet-50 with transfer learning (97.8%) > VGGNet-16 with transfer learning (97.1%) > VGGNet-16 (95.0%) > ResNet-50 (92.5%).Therefore, the best performance for the classification of organic and residual waste was ResNet-50 with transfer learning, followed by VGGNet-16 with transfer learning and VGGNet-16, and ResNet-50 in terms of accuracy, precision, recall, and F1 score.
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1 INTRODUCTION
The explosion of population and the improvement of the living standard contribute to a large number of municipal solid waste (MSW) generation (Ding et al., 2021). MSW amount would be anticipated to reach up to 3.4*10^9 tonnes in 2050 in the world (Kaza et al., 2018). It is crucial to find a suitable way for the MSW treatment since it has a potential risk to human health and the ecological environment (Ding et al., 2021). Landfills, composting, and combustion are the common way for the MSW treatment, while the heterogeneity of MSW composition limits the application of various MSW treatment (Lin et al., 2022).
Landfills have become a popular way for the treatment and disposal of MSW with the advantages of low investment and easy operation (Anshassi et al., 2022). However, the organic waste or wet waste that ends up in landfills would increase the emission of greenhouse gases and also take up a larger number of land, which is posing a great threat to megacities (Tahmoorian and Khabbaz, 2020). As for incineration or thermal treatment, the most notable advantages of this method are reducing solid-waste mass and volume, saving energy, as well as hygienic control (Lin et al., 2019). However, the high moisture in the organic waste or wet waste would have a negative impact on the efficiency of combustion and lead to producing some pollutants in flue gas like polycyclic aromatic hydrocarbons and nitrogen oxides. The advantages of composting are improving the fertilizing of soil and reducing costs, while the presence of residual waste would have an unfavorable effect on the quality of compost products. Therefore, it is crucial to take some measures to realize the MSW classification in terms of its treatments and disposals.
However, the traditional methods of MSW classification are main about manual and semi-screening, which would consume the amount of manpower and material resources, as well as accelerate virus spread (Alom et al., 2019). Therefore, it is urgent to find a more efficient and intelligent method for MSW classification. Data about semismic images can be used to identify hydrocarbon structure to help classify wet waste and residual waste (Radad et al., 2016; Hadiloo et al., 2017; Mousavi et al., 2022). The application methods in indentifying hydrocarbon resevoirs and structure related to hydrocarbon also have been discussed (Soleimani and Balarostaghi, 2016; Farrokhnia et al., 2018; Khayer et al., 2022a; Khayer et al., 2022b; Hosseini-Fard et al., 2022). Recently, great attention has been caught to applying deep learning for the waste classification related to computer version (CV) with the development of computer hardware (Nasri et al., 2020). Compared with traditional CV algorithms like scale-invariant feature transform (SIFT), supporting vector machine (SVM), and principal component (PCA) (Soleimani, 2016a,b; Lu and Chen, 2022), deep learning has the ability to automatically extract the representation and equips with more applicability, robustness, generalization, and scability (Lin et al., 2022; Mafakheri et al., 2022; Saad and Chen, 2022).
Several studies have adopted this method to realize waste classification. SVM and deep residual learning were employed to classify the TrashNet, the waste image dataset with a total of 2527 images, and achieved an accuracy of 63% and 87%, respectively (Yang and Thung, 2016). Davis et al. designed a deep convolutional neural network to classify 7 typical construction waste (second fix timbers, shuttering timbers, particle boards, hard plastics, wrapping plastic, bricks and concrete, cardboards and polystyrene) (Davis et al., 2021). This method was also employed for the polyethylene terephthalate (PET) classification by Bobulski and Piatkowski, (2018).
The essence of deep learning is the data-driven model, thus, measures like data augmentation and fine-tuned hyper-parameters of deep learning structure could improve the performance (Lin et al., 2022). RecycleNet, combined with transfer learning and DenseNet-121, obtained 95% accuracy on the test dataset (Bircano˘glu et al., 2018). AquaVision, integrated deep learning with transfer learning, was proposed to detect the waste in waster bodies (Panwar et al., 2020). In addition, this method, deep learning with transfer learning, has been employed in the classification of recyclable waste (Olugboja Adedeji, 2019). However, few studies reported using the method of deep learning coupled with transfer learning for the classification of organic waste and residual waste.
Therefore, this study aims to discuss the effect of transfer learning on deep learning structures like VGGNet-16 and ResNet-50 for the classification of organic waste and residual waste. Meanwhile, the performance of these deep learning architectures was also compared. In addition, the algorithms of PCA and t-SNE were also adopted to extract the features from the last layer of the deep learning model. The flowchart of this study was shown in Figure 1.
[image: Figure 1]FIGURE 1 | The flowchart of this study.
2 MATERIALS AND METHODS
2.1 Data collection and preparation
22010 images of MSW in total were collected from one open-source (https://www.kaggle.com/techsash/waste-classification-data), including organic waste (16572) and recyclable waste (5438), as shown in Figure 2. The numbers for the training, validating, and testing datasets were 15846, 1761, and 4403, respectively. Details of the experimental platform are given in Table 1.
[image: Figure 2]FIGURE 2 | Example of organic waste and residual waste.
TABLE 1 | Experimental platform for training TLVGGNet model.
[image: Table 1]2.2 VGGNet-16 and ResNet-50 structure
VGGNet architectures were proposed by the Visual Geometry Group of Oxford University (Simonyan et al., 2014) and won first and second place in the localization and classification in ImageNet Large Scale Visual Recognition Challenge (ILSVRC 2014). VGGNet-16 is consisted of 3 consecutive convolution operations per convolution segment, as shown in Figure 3). This state-of-the-art model enhances the performance of model classification by increasing model depth with a 3×3 convolutional layer. This point is the most different from other CNN structures like AleNet and GoogleNet. VGGNet models use a smaller 3×3 convolution kernel instead of a larger one, which enlarges the perception field of the output feature map of each layer and makes the CNNs have a stronger feature learning ability.
[image: Figure 3]FIGURE 3 | (A) VGGNet-16 structure; (B) ResNet-50 structure.
ResNet-50 is a network-in-network architecture that relies on several stacked residual units, which was first introduced by He et al, (2016) and considered the best performance in ImageNet classification, as shown in Figure 3B. It consists of two deep building blocks: bottleneck 1 and bottleneck 2. Convolutions of three layers 1×1, 3×3 and 1×1 blocks in bottleneck 1 and bottleneck 2, where the function of the 1×1 layer is reduced but the dimension of input is increased, making the 3×3 layer a bottleneck with small input/output dimensions (He, 2016). Identity mapping is a key measure for addressing the degradation issue, how it works is introduced as follows:
As shown by bottleneck 2 in Figure 3B), x, y, and [image: image] represents the input, output vectors, and residual mapping for learning, respectively. [image: image] + x is conducted by a shortcut connection (Fulkerson, 1996) and an element-wise addition, by which the degradation problem can be effectively avoided, as given by Eq. 2-1.
[image: image]
It is noted that average pooling was introduced and linked to the fully connected layer in stage 4, where the activation function of the rectified linear unit (ReLU) was adopted to predict classes based on the highest probability given by the input data, which can be expressed as Eq. 2-2:
[image: image]
in which, elements of W and b represent the weights and bias, respectively. Index j was used to normalize the posterior distribution. The model prediction is the class with the highest probability, as given by Eq. 2-3:
[image: image]
The elements of weights and bias in deep ResNet structure were also optimized by the error backpropagation algorithm, which is used as an error metric to calculate the distance between the true class labels and the predicted class labels. Cross-entropy function (2–4) was chosen as the loss function to be minimized for dataset V.
[image: image]
in which, L represents the loss function; Here, [image: image] is the set of input samples in the training dataset; [image: image] is the set for labeling: organic waste and residual waste; a(v) represents the output of the ResNet corresponding to an input v.
2.3 Transfer learning
VGGNet-16 or ResNet 50 was trained with ImageNet, consisting of 12 million images and 1,000 categories. The model of VGGNet-16 or ResNet 50 learned the weight and bias during the training process (Sinno and Yang, 2010). Firstly, keeping the weight and bias of each layer before the last layer of the VGGNet-16 or ResNet 50 during transfer learning. Secondly, removing the last layer of VGGNet-16 or ResNet 50 and inputting the waste dataset, only retraining the last layer of VGGNet-16 or ResNet 50. Consequently, the excellent performance of the model for waste classification can be obtained. In addition, the total trainable parameters in VGGNet-16, VGGNet-16 with TL, ResNet-50, and ResNet-50 with TL were 134 million and 235 million, respectively.
2.4 Method of evaluation and visualization
2.4.1 Evaluations
Confusion metrics, sensitivity, precision, F1 score, accuracy, receiver operating characteristic (ROC), and area under the curve (AUC) were used to evaluate the performance of MSWNet. Sensitivity, precision, F1 score, and accuracy were defined as follows:
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in which, TP, TN, FN, and FP are the numbers of true positives, true negatives, false negatives, and false positives, respectively.
2.4.2 Visualization
Algorithms of principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE) were also adopted to create low-dimensional data representing and interpreting waste classification. As for the PCA and t-SNE detail, they can be seen in the reference (Maaten and Hinton, 2008; Thomaz and Giraldi, 2010; Retsinas et al., 2017).
3 RESULTS AND DISCUSSION
3.1 Effect of transfer learning on the performance of VGGNet-16 and ResNet-50 in the training dataset and validation dataset
Table 2 shows the effect of transfer learning on the performance of VGGNet-16 and ResNet-50 in the training dataset and validation dataset. The training time of various deep learning follows this order: VGGNet-16 (402 s) > VGGNet-16 with TL (272 s) > ResNet-50 (238 s) > ResNet-50 with TL (223 s). This result suggested that transfer learning could shorten the training time. Although more parameters in ResNet-50 than that in VGGNet-16, as mentioned above, the training time in ResNet-50 is less than that in VGGNet-16. The reason for this phenomenon can be ascribed to the function of identity mapping.
TABLE 2 | Effect of transfer learning on the performance of VGGNet-16 and ResNet-50 in the training dataset and validation dataset.
[image: Table 2]The tendency of loss from VGGNet-16 and ResNet-50 gets decreased with the increase of the epoch number both in the training dataset and the validating dataset, from 0.478 at the 1rst epoch to 0.032 at the 100th epoch and from 0.451 at the 1rst epoch to 0.0247 at the 100th epoch the training dataset in Table 2, respectively. The loss from VGGNet-16 with transfer learning and ResNet-50 with transfer learning in the training dataset and validating dataset also show similar trends. Namely, the epoch number increased with the loss values for both the training dataset and validating dataset decreased, while the loss in the training dataset and validation data from VGGNet-16 with transfer learning and ResNet-50 with learning is lower than that without transfer learning. This result suggested that transfer learning could reduce the loss both in the training dataset and validating dataset.
As for accuracy, it from VGGNet-16, VGGNet-16 with transfer learning, ResNet-50, and ResNet-50 with transfer learning in the training dataset and validation dataset show an upward trend with the increase of the epoch number. In terms of loss and accuracy, transfer learning could promote VGGNet-16 and ResNet-50 to reach the convergent state and enhance the accuracy of recyclable sorting, which is in line with other studies (Rehman et al., 2019; Alghamdi et al., 2020). In addition, compared with VGGNet-16, ResNet-50 showed better performance in the training dataset and validation dataset in terms of average time, loss, and accuracy.
3.2 Visual explanation
Figure 4 Feature maps can provide insights into the internal representation of local feature extractors, which could interpret what kind of features are detected or preserved, and make the CNN model more transparent and accountable (Xia et al., 2020). Method of PCA was adopted to provide the distribution of organic waste and residual waste dataset. Figure 3 shows 2-dimension extracted representations from the last layer of various models obtained from the PCA algorithm. The distribution of features from VGGNet-16 and VGGNet-16 with transfer learning shows “radiolucent” in Figure 3A and Figure 3B. While the shape of features distribution in ResNet-50 and ResNet-50 with transfer learning showed semantic clustering. In addition, the feature of organic waste and residual waste was clearly separated by the method of PCA.
[image: Figure 4]FIGURE 4 | A 2-D feature visualization of an image representation of waste images by the method of PCA: (A) VGGNet-16; (B) VGGNet-16 with TL; (C) ResNet-50; (D) ResNet-50 with TL; Note: TL was represented to transfer learning.
The feature of organic waste and residual waste were obtained from different deep learning models by the method of t-SNE in Figure 5. It can be found that the fetures from the last layer of VGGNet-16 (Figure 5A) and VGGNet-16 with TL (Figure 5B) were well separated although some of features about residual waste and wet waste is overlapped. In terms of Figure 5C) and 5 days), the distribution of features from ResNet-50 with TL were more cleaner distinguish than that from ResNet-50 by the method of t-SNE. Compared with the method of PAC, waste representations were better separated from high dimension to low dimension by t-SNE. This was due to t-SNE creating a reduced feature space with similar samples modeled by nearby points and similar samples modeled by remote points with greater probability (Gisbrecht et al., 2015).
[image: Figure 5]FIGURE 5 | A 2-D feature visualization of an image representation of waste images by the method of t-SNE: (A) VGGNet-16; (B) VGGNet-16 with TL; (C) ResNet-50; (D) ResNet-50 with TL; Note: TL was represented to transfer learning.
3.3 Effect of transfer learning on the performance of VGGNet-16 and ResNet-50 in test dataset and validation dataset
3.3.1 Confusion matrix
Figure 6 shows the confusion matrix of the assessment in model performance for VGGNet-16, VGGNet-16 with transfer learning, ResNet-50, and ResNet-50 with transfer learning. The number of waste images (organic waste and residual waste) along the diagonal line means correct classifications, while the values that do not present along the diagonal line represent unpaired labels and images. For example, for organic waste, the number of TN, FN, and FP was 3162, 153, and 180, respectively, (Figure 6A). It is noted that compared with the other three state-of-art models in Figure 6A), b), c), and d), the majority of organic images (3257) and residual waste images (997) were found along the diagonal line in ResNet-50 with transfer learning, indicating that ResNet-50 with transfer learning provided a better performance on the classification of organic and residual waste.
[image: Figure 6]FIGURE 6 | Confusion matrix from models runs on the test dataset: (A) VGGNet-16; (B) VGGNet-16 with TL; (C) ResNet-50; (D) ResNet-50 with TL; Note: TL was represented to transfer learning.
3.3.2 Accuracy, precision, recall, and F1 score
As shown in Figure 7A, the accuracy of various deep learning models followed this order: ResNet-50 with transfer learning (96.6%) > VGGNet-16 with transfer learning (95.6%) > VGGNet-16 (92.4%) > ResNet-50 (88.6%). The result suggested that transfer learning could greatly improve the performance of ResNet-50 and VGGNet-16 models. In addition, VGGNet-16 shows better performance in the classification of organic and residual waste than ResNet-50.
[image: Figure 7]FIGURE 7 | Effect of transfer learning on the performance of VGGNet-16 and ResNet-50: (A) Accuracy; (B) Precision; (C) Recall; (D) F1 score.
The shortcomings of the method in accuracy assessment are particularly pronounced when the data are unbalanced (Allouche et al., 2006). Here, precision, recall, and F1 score were also adopted for further quantitative evaluations of the performance of different deep learning models being applied in the classification of wet and residual waste.
Precision was denoted using the ratio of correctly predicted positive items to the total predicted items. Figure 7B shows ResNet-50 with transfer learning better performance compared to the other three CNN models in organic waste (97.3%) and residual waste (94.5%). While poor precision was found in ResNet-50 with 91.9% of organic waste and 78% of residual waste.
The corresponding meaning of recall was the number of positive items correctly identified. VGGNet-16 with transfer learning shows better performance than the other three CNN models in organic waste (98.0%) in Figure 7C, while the best performance for the residual waste classification was also found in ResNet-50 (91.6%).
F1 score was a balance between recall and precision. The values of organic waste in terms of F1 score follows this order: ResNet-50 with transfer learning (97.8%) > VGGNet-16 with transfer learning [(97.1%) > VGGNet-16 (95.0%)] > ResNet-50 (92.5%), as shown in Figure 7D. The value of the F1 score for residual waste also shows the same trends: the best performance was found in ResNet-50 with transfer learning (93.0%), followed by VGGNet-16 with transfer learning (90.9%) and VGGNet-16 (84.5%), and the poorest performance was found in the ResNet-50 (76.4%).
In conclusion, the best performance for the classification of organic and residual waste was ResNet-50 with transfer learning, followed by VGGNet-16 with transfer learning and VGGNet-16, and ResNet-50 in terms of accuracy, precision, recall, and F1 score.
4 CONCLUSION
Results indicated that transfer learning could shorten the training time and the training time of various deep learning follows this order: VGGNet-16 (402 s) > VGGNet-16 with TL (272 s) > ResNet-50 (238 s) > ResNet-50 with TL (223 s). The distribution of features from VGGNet-16 and VGGNet-16 with transfer learning shows “radiolucent”, While the shape of features distribution in ResNet-50 and ResNet-50 with transfer learning showed semantic clustering. In addition, the feature of organic waste and residual waste was clearly separated by the method of PCA. Compared with the method of PAC, waste representations were better separated from high dimension to low dimension by t-SNE. This was due to t-SNE creating a reduced feature space with similar samples modeled by nearby points and similar samples modeled by remote points with greater probability. The best performance for the classification of organic and residual waste was ResNet-50 with transfer learning, followed by VGGNet-16 with transfer learning and VGGNet-16, and ResNet-50 in terms of accuracy, precision, recall, and F1 score.
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