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Introduction

Our project aims to use transfer learning in order to classify different types of waste. We were motivated to do this with the
ultimate goal of improving the efficiency of waste management systems, eventually reaching the point where people do not need to
sort their waste, and an autonomous system can process it according to what type of waste it is. The end goal is to have a model that
distinguishes recyclable waste from garbage, and labels recycling according to five classes, which are described below in the dataset
section. Such a model could be used either in waste management facilities or in households to help educate people on what can and
cannot be recycled. The input to the algorithm is a set of images, and the output is predictions corresponding to one of six classes of
waste.

We utilized transfer learning from a well-known neural network architecture called DenseNet121 [15], which has enabled us
to take advantage of a model trained on a wealth of data, which benefits us as our dataset is comparatively small (2,527 images before
data augmentation). We also utilized data augmentation in an attempt to improve our accuracy.

Related work

In our research, we came across a past CS230 project by Hrushikesh N. Kulkarni [2] which utilized transfer learning from
ResNet50 (He et al. 2016). Another paper by Adedeji et al achieved 87% accuracy on a similar dataset (called trashNet) also using
transfer learning from ResNet50 [4].

We also identified a paper by Wei-Lung Mao, Wei-Chun Chen, Chien-Tsung Wang, and Yu-Hao Lin with a similar objective
(multi-label waste classification) that utilized transfer learning from DenseNet121 [3]. We decided to implement transfer learning with
both of these structures based on the success of these two experiments, as both seemed to perform well on large datasets for
multi-label waste classification. However, our results, as discussed in more detail below, indicated that DenseNet121 performs better
than ResNet50, and we chose this model to proceed with our further experiments.

Dataset and Features

We used a garbage classification dataset with examples of recyclable and non-recyclable waste from kaggle.com [1]. The dataset
contains 2,527 images, each labeled as one of six classes: cardboard, glass, metal, paper, plastic, or garbage. Our training set consists
of 1,768 images, our validation set is 328 images, and our test set is 431 images. Each image has a similar white background, which
may pose an obstacle to training our model for generalizable classification with other types of backgrounds.

Upon initial training we notice some particularly challenging training examples as seen in the images below. One visual commonality
is that many images across classes share the trait of having text, barcodes or nutrition labels. Our initial training on the imbalanced
data set also showed high confusion rates between glass and plastic (see Fig. 6), which might be explained by the fact that a plastic
bottle and a glass bottle look a lot alike. We approached this problem by balancing our data set and increasing the total number of
images from their initial breakdown - 354 glass, 403 paper, 287 cardboard, 347 plastic, 286 metal, 91 trash images - to 1000 of each
using data augmentation. To augment our data, we randomly chose examples and then randomly chose to flip up-down or left-right or
rotate the image by three 90 degree increments. It goes without saying that a flipped or rotated image of a piece of trash is still
recognizable as a piece of trash.

L = g/ ==
Figure 1 - Examples of challenging images from each class [1]
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Methods

We utilized transfer learning in modelling trash classification. Transfer learning allows us to take advantage of
computationally expensive training done previously on related data and add on that to learn a classifier specific to the six trash classes.
As discussed in the related work section, we tried out both ResNet50 and DenseNet121. ResNet50 performed significantly worse than
DenseNet121 in initial testing, see comments in the results section, and so we primarily focused on DenseNet121. DenseNet121
follows a similar architecture to most CNN'’s, convolution and pooling layers that decrease in width and height but grow in channels
with depth, with the exception that every layer is fully connected to subsequent layers. This advantage allows deeper filters, that make
decisions on higher order classifications, to have access to all prior lower level attributes discovered. After processing data through the
pretrained DenseNet121 we then apply our own deep neural net to the trash identification problem.

Figure 2 - DenseNet121 Architecture [7]

In our implementation we pass our images through the transfer network and take the output from the last fully connected layer before
the softmax of the transfer network to be the input to our own deep neural network. Our network followed the convention of layers
with decreasing numbers of nodes and had layer dimensions: 1024; 256;64;16;6 - where the final layer was a six class softmax. We
trained a deep neural network in keras with an Adam optimizer, to give our algorithm momentum and make it less stochastic, on the

categorical cross entropy loss:
¢

Categorical Cross Entropy Loss = =Y. yilog(yi)
i

Here, yiis the true label and yiis the softmax output for class ‘i’. We initially encountered problems with vanishing gradients. To

address this problem we added glorot uniform random kernel initialization so that neuron parameter weights in the same layer would
not be the same on each epoch from zero initialization. We also noticed that after many epochs the loss remained relatively unchanged
with a training accuracy near 20%. We addressed these issues by normalizing the input to both our transfer network and our own
trained network. This trick allows us to stay near the middle of the multi-class sigmoid function, the softmax, where the gradient is
highest allowing gradient descent to converge more quickly. We additionally did some fine tuning to find that batch sizes of 25
enabled for a more stochastic approach since we noticed that it allowed our loss to make more periodic improvements jumps. Finally,
as discussed in the results section, we noticed a high variance between train and validation sets, so we added L2 regularization with

A= 10 "0 prevent overfitting. We noticed that making Amuch larger slowed learning tremendously, taking an additional 10 or more
epochs to make the same progress. This is likely because it inhibited the weights from changing each epoch. With these changes our
algorithm performs well and converges quickly, within five epochs (see Fig. 3).

When implementing data augmentation we tried a number of scenarios which focussed on adding images only to the classes with the
highest confusion and balancing the entire dataset with 500 and 1000 images for each class. We found that balancing the dataset with
1000 images gave the best performance across multiple metrics.



Loss vs. Epochs
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Figure 3 - Loss vs. Epochs. This figure demonstrates the convergence of our model within five epochs.

Results

Because this project was focused on multi-label classification, some of the typical metrics used to evaluate binary
classification algorithms are not as relevant. We chose to focus on micro- macro- average precision and accuracy in order to get a
sense for the overall performance across all classes, as well as using the ROC curve and confusion matrix to understand on which
classes our project was underperforming relative to others. It is important to note that, because of the nature of micro-averaged
performance metrics, micro-average precision and recall end up being the same quantity, because a false positive for one class is by
definition equal to a false negative for another class.

TP, + TP, + ... + TP,
(TP, + TP, + ... + TP,) + (FP, + FPy + ... + FP,)

Pryicro =

Figure 4 - Micro-averaged precision formula for k classes. From Cran-r project [6]
We achieved 83% accuracy on our validation set with our ResNet50 implementation before choosing to focus entirely on our
DenseNet121 implementation. For comparison’s sake, when we achieved this result, we were able to get around 93% accuracy with

DenseNet121 after significantly fewer epochs (10 versus 50). Our detailed results are shown below.
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Figure 5 - Roc Curves with and without data augmentation

Performance with No Data Augmentation Performance with Data Augmentation
Training | Validation | Test Training | Validation | Test
Accuracy |0.9938 0.9411 0.9397 Accuracy | 0.9923 0.9400 0.9397

Precision | 0.9813 0.8232 0.8190 Precision | 0.9783 0.8201 0.8190




Confusion Matrix for Test Set with No Data Augmentation

Label
Prediction 1- Glass 2- Paper 3- Cardboard  4- Plastic 5- Metal &- Trash
1- Glass 72.00 0.00 0.00 8.00 2.00 0.00
2- Paper 1.00 94,00 10.00 3.00 0.00 0.00
3- Cardboard 0.00 4,00 63.00 3.00 0.00 0.00
4- Plastic 7.00 1.00 0.00 &4.00 2.00 0.00
5~ Metal 6.00 3.00 0.00 9.00 46.00 4.00
& Trash 0.00 7.00 2,00 4.00 2.00 14.00
Confusion Matrix for Test Set with Data Augmentation
Label
Prediction 1- Glass 2- Paper 3- Cardboard 4- Plastic 5- Metal &= Trash
1- Glass 70.00 0.00 0.00 7.00 4.00 1.00
2- Paper 1.00 83.00 7.00 1.00 1.00 15.00
3- Cardboard 0.00 6.00 62.00 0.00 0.00 2.00
4- Plastic 8.00 0.00 0.00 59.00 4.00 3.00
5- Metal 8.00 0.00 0.00 4,00 54.00 2.00
&- Trash 0.00 2.00 0.00 1.00 1.00 25.00

Figure 6 - Confusion matrices with and without data augmentation

The algorithm seems to perform worst on trash (mistaking it for metal) and in misclassifying cardboard as paper, as well as
misclassifying glass as plastic, as demonstrated in the confusion matrices. We attempted to resolve this problem by augmenting the
data, which seems to have made the ROC curve more evenly balanced but ultimately did not fully resolve it. Ultimately, the overall
accuracy, as stated in the above tables, was the same with and without the data augmentation, but the error was distributed differently
in each case. However, our ROC curve demonstrates that the ROC scores were more even across classes compared to without data
augmentation.

We do seem to be overfitting the training data, as we consistently achieved 99% accuracy or higher. We attempted to address
this both by using L2 regularization and by increasing the amount of data (via data augmentation), but it seems that further action is
required in order to resolve the overfit more fully.

Conclusion
To conclude we initially tested transfer learning with ResNet and DenseNet and found an accuracy of 83% and 93%

respectively. We believe ResNet’s poor performance could be attributed to the fact that skip connections limit ResNet’s representation
capacity [12]. Upon focussing experimentation efforts on DenseNet we discovered high confusion between glass and plastic. We
address this by balancing and increasing our dataset with data augmentation. We observed less confusion on cardboard, plastic, and
metal classes with the same system accuracy. We still have a high variance and would focus future effort to reduce variance by
increasing the size of our dataset or implementing dropout. In future work we’d also like to focus on making our add-on model a CNN
to increase our ability to describe the discriminator with fewer parameters per layer on more layers.



Contributions
Max -

Most of what Max focused on was the auxiliary functions and analysis; specifically implementing the confusion matrix
methods, as well as all of the performance metrics. Max also researched the performance metrics appropriate for multi-label
classification. He wrote the introduction, related literature, results, and bibliography sections. Max and Tom split the implementation
of the ResNet50 transfer learning.

Tom -

Tom implemented transfer learning with DenseNet121 and worked with Max to get ResNet50 running as well. Tom
implemented the add-on deep neural network model that was applied after transfer learning and implemented the data processing and
augmentation systems for the project. Tom and Max worked together to run experiments and fine tune parameters. Tom wrote the
dataset and features, the methods, and the conclusion section of this report.



Code (Github URL)
https://github.com/tewelch/cs230 _project.git
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