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Abstract:

Introduction: Accurate sorting of plastic waste using Resin Identification Codes (RICs) is essential for improving
recycling quality. However, conventional deep learning approaches generally require large labeled datasets, which are
difficult and costly to collect for small RIC symbols on plastic packaging. Method: This study employed a Few-Shot
Learning approach based on Prototypical Networks using a 7-way 5-shot episodic training configuration. A self-collected
dataset of 350 images, comprising 50 images for each of seven RIC categories—PETE, HDPE, PVC, LDPE, PP, PS, and
OTHER—was used. Three backbone architectures, ConvNet4, ResNet-18, and EfficientNet-B2, were compared. An
ablation study evaluated support-set augmentation, followed by supervised fine-tuning of the selected model. Results and
Discussion: EfficientNet-B2 achieved the highest episodic accuracy of 93.36%, outperforming ResNet-18 at 88.71% and
ConvNet4 at 54.14%. EfficientNet-B2 with light augmentation attained 85.71% accuracy on the fixed 42-image test set,
with perfect recall for PVC, LDPE, and PP. Most errors involved visually similar HDPE and PP symbols. Fine-tuning
corrected five of six misclassifications, increasing test accuracy to 90.48% and the F1-score from 0.857 to 0.903.
Conclusion: Prototypical Networks with an EfficientNet-B2 backbone and cosine distance provide an effective solution
for RIC classification under limited-data conditions and offer a practical foundation for automated plastic-waste sorting
systems.
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1. Introduction

Plastic waste is one of the biggest environmental problems today. In Indonesia, plastic waste reaches 5.543 million
tons every year, with each person using about 26.5 kg of plastic per year, but only 9% of it is successfully recycled
even though production reaches 7 million tons per year [1], [2]. Sorting plastic based on the Resin Identification Code
(RIC) is very important because mixing different resin types, such as P\VC with HDPE or PP with LDPE, can lower
the quality of recycled material by 40-60% [3], [4].

Convolutional Neural Networks (CNNs) have shown good results for general plastic waste recognition [5]-[7].
These models work well because of residual connections that make training deep networks easier [8], and compound
scaling that balances network depth, width, and resolution [9]. However, most existing studies classify plastic by its
shape (like bottles or bags) instead of its RIC symbol, even though the RIC symbol is the actual standard used in the
recycling industry [10]. Classifying RIC symbols is difficult because the symbols are small, printing quality varies,
packaging can be damaged, and it is expensive to build a large labeled dataset for seven categories that look similar
to each other [8], [11].

Few-Shot Learning (FSL) is one way to solve the problem of limited data, since it trains models to learn from only
a few labeled examples per class [12], [13]. FSFSL methods are usually grouped into metric-based [14], optimization-
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based [15], and model-based approaches [16], [17]. For metric-based methods, previous research shows that the
quality of the embedding is the most important factor for FSL performance, and that a good pretrained backbone can
matter more than a complex model architecture [18]. Prototypical Networks [14], which is a metric-based FSL method,
works by learning one prototype embedding for each class and then classifying new images based on the closest
prototype. This method fits well with symbol classification tasks, where the images inside one class can look different
from each other but the total amount of data is small [12], [13]. FSL has been used before for logo detection [19],
symbols in engineering drawings [20], and document symbols [21], but it has not been used yet for RIC symbols on
plastic packaging. Recently, some studies have also used Vision-Language Models for few-shot plastic waste
classification [22], which shows that classifying waste with limited data is still an important and open research topic.

This study has three main contributions: (1) it is the first FSL-based model made specifically for classifying RIC
symbols using a self-collected close-up image dataset; (2) it compares three backbones (ConvNet4, ResNet-18, and
EfficientNet-B2) inside a Prototypical Network for this task; and (3) it includes an ablation study on support-set
augmentation and a fine-tuning step to fix classes that are often confused with each other. The main hypothesis is that
a pretrained backbone combined with a Prototypical Network can classify RIC categories well using only 50 images
per class, and that light augmentation can improve the model's robustness to real packaging conditions.

2. Method
A. Dataset and Preprocessing

A dataset of 350 close-up images was collected using a Samsung Galaxy A54 smartphone (50 MP, /1.8, OIS) at
a fixed distance of 10 cm from the packaging surface. The dataset covers all seven standard RIC categories: PETE
(1), HDPE (2), PVC (3), LDPE (4), PP (5), PS (6), and OTHER (7), with 50 images for each class. The images include
different conditions, such as different font styles, symbols with or without the polymer name written below, embossed
versus printed symbols, and different lighting (Figure 1).

(d) (e) (H

Figure 1. Examples of RIC symbol variations: (a) single digit with no label, (b) double digit with no label,
(c) single digit with polymer name, (d) double digit with polymer name, (e) double digit with initials,
(f) triangle with no digit.

To avoid data leakage, every image was taken from a different physical packaging item, so no packaging item
appears more than once in the dataset or across different subsets. The dataset was split using stratified sampling into
80% training (40 images per class), 8% validation (4 images per class), and 12% test (6 images per class). All images
were resized to match the input size needed for each backbone and normalized using the standard ImageNet mean and
standard deviation (mean = [0.485, 0.456, 0.406], std = [0.229, 0.224, 0.225]) so they would be compatible with the
pretrained weights [23].
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Light augmentation was applied only to the training set during episodic sampling, to add more visual variety
without changing the shape of the RIC symbols too much. The augmentation steps used were RandomResizedCrop
(scale 0.8-1.0), RandomHorizontalFlip, RandomRotation (£12°), and ColorlJitter (brightness/contrast/saturation
+15%). No augmentation was applied to the validation or test sets, so the evaluation results stay fair. This approach
follows previous work showing that augmenting the support set can help improve prototype diversity and
generalization in few-shot image classification [24].

B. Few-Shot Learning Framework

This study uses the Prototypical Network [14] as the main FSL method. Training follows an episodic scheme,
where each episode is like a small classification task made by randomly sampling a support set and a query set from
the training data. This kind of training helps the model generalize better because it sees many different task
combinations during training [25]. In each episode, a class prototype v, is calculated as the average embedding of the
support examples for that class:

Ve =

|SC| fd) (xk)
(*1yK)ES® (1)
Where f4 (-) is the backbone CNN used as the embedding function. To classify a query image X, the model uses

softmax over the cosine distance between the query and every class prototype:

exp(—d(fy (x),v.))
ZC’EC exp(_d(f¢(x)’ UC')) (2)

Cosine distance was chosen instead of Euclidean distance because it is not affected by the size of the embedding
vector, which makes the model more stable when there are lighting differences between images. If the embeddings
are normalized using L2, cosine distance and squared Euclidean distance actually give similar results with only a
constant difference in scale [17], so using cosine distance is still theoretically valid. All experiments used a 7-way 5-
shot setup (N = 7 classes, K = 5 support images per class, Q = 15 query images per class per episode). The model was
trained using the Adam optimizer with a cosine annealing learning-rate scheduler, and training stopped early based on
validation accuracy.
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Figure 2. Episodic training scheme: the support set is used to build class prototypes, and query images are classified
based on the nearest prototype using cosine distance.

Algorithm 1: Episodic Training with Prototypical Network
Input: Training set D, backbone fy, episodes T = 600, N = 7 ways, K =5 shots, Q = 15 queries
Output: Trained embedding function f, stored prototypes v,

1 Initialize f with ImageNet pretrained weights
2 fort=1toTdo
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3 Sample N classes C; ¢ D at random
4 for each class c in C; do
5 Sample K support images — S, Q query images — Q.
6 Apply augmentation pipeline to S,
7 end for
8 Compute prototype: v« mean (fy (x) for x in S¢), for all ¢
9 for each query image x in U Q. do
10 Compute cosine distance d(fy (x), v ) or all ¢
11 Compute softmax probability P (y = c|x) via Eq. (2)
12 end for
13 Compute cross-entropy loss L over all query predictions
14 Update f, via Adam + cosine annealing scheduler
15 Evaluate on validation set; if no improvement for patience epochs — early stop
16 end for

17 Recompute final prototypes v, from full training set embeddings
18  Export f5 in TorchScript format for deployment

C. Backbone Architectures

Three CNN backbones were tested as feature extractors inside the Prototypical Network. This choice is based on
the idea that embedding quality, which depends mainly on the backbone and its pretraining, is the most important
factor in few-shot classification performance [18]. ConvNet4 was used as the baseline model from the original
Prototypical Networks paper [14], made of four convolution blocks without residual connections. ResNet-18 was
chosen because it has been shown to work well in few-shot classification tasks [8], using residual connections that
make it easier to train deeper networks. EfficientNet-B2 was chosen because it has performed well in multi-class waste
classification before [26]; its compound scaling method balances network depth, width, and input resolution [9], which
is useful for detecting small RIC symbols with many visual variations.

D. Fine-Tuning Protocol

After looking at the results from episodic evaluation, some classes that look similar were still being misclassified,
so a fine-tuning step was added using the full 280-image training set. Fine-tuning used cross-entropy loss with the
AdamW optimizer (Ir = 1e-4, weight decay = 1e-4) to adjust the embeddings so class boundaries become clearer. The
test set was kept completely separate during training and fine-tuning, and it was only used at the very end for the final
evaluation. Early stopping only checked validation accuracy, so the test set results did not affect model selection in
any way. After fine-tuning, the class prototypes were recalculated using all training embeddings, and the model was
exported in TorchScript format. Prediction confidence was measured using temperature-scaled softmax (T = 0.02)
applied to the cosine similarity between query embeddings and the stored prototypes.

E. Evaluation Metrics

Model performance was measured using accuracy, precision, recall, and Fl1-score, all calculated from the
confusion matrix [27]. For the backbone comparison and the ablation study, episodic accuracy averaged over 600 test
episodes was used as the main metric, since this shows how well the model generalizes across many different randomly
sampled tasks during model selection. For the final evaluation, precision, recall, and F1-score for each class were
calculated on the fixed 42-image test set, where each image is only classified once using a fixed support set, giving a
more realistic picture of how the model would perform in real use.

3. Result and Discussion

A. Backbone Comparison
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Table I shows the episodic accuracy of the three backbones trained under the same conditions (7-way 5-shot, no
augmentation). EfficientNet-B2 got the highest accuracy at 93.36%, much higher than ResNet-18 (88.71%) and
ConvNet4 (54.14%). The big difference between ConvNet4 and the pretrained backbones shows that transfer learning
from ImageNet is very important when there are only 40 training images per class, which matches earlier findings that
pretrained embeddings are the main reason few-shot models perform well [ 18].

TABLE 1. Backbone comparison (7-way 5-shot, no augmentation)

Backbone Episodic Accuracy (%)
ConvNet4 54.14
ResNet-18 88.71
EfficientNet-B2 93.36
Training Loss Accuracy
Backbone Backbone
Convd4 ai\ Convéd
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Figure 3. Training progress: (a) episodic accuracy and (b) training loss for ConvNet4, ResNet-18, and
EfficientNet-B2.

The training curves in Figure 3 show that EfficientNet-B2 learned the fastest and reached the highest accuracy
overall, while ConvNet4 had an unstable training curve, which matches its simpler design. ResNet-18 trained steadily
but stayed about 4.7 percentage points below EfficientNet-B2, which suggests that compound scaling gives a real
advantage for learning RIC symbol embeddings when data is limited. This matches other studies showing that richer
embeddings usually lead to better few-shot classification results [16], [28].

B. Ablation Study: Data Augmentation

Using EfficientNet-B2 as the fixed backbone, two conditions were compared: training with and without light
augmentation on the support set. Table 2 shows the results.

Table 2. Ablation study: effect of support-set augmentation

Configuration Episodic Acc. (%) F1-Score
EfficientNet-B2 (no aug.) 85.25 0.851
EfficientNet-B2 + aug. 87.50 0.878

Adding augmentation improved episodic accuracy by 2.25 percentage points and F1-score by 0.027. This suggests
that augmenting the support set makes the prototype embeddings more varied, which helps the model handle changes
in lighting and camera angle in the query images [24]. Because it consistently improved the results, the augmented
EfficientNet-B2 setup was chosen as the final model.
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Figure 4. Training progress in the ablation study: the augmented model reaches higher accuracy.
C. Final Model Evaluation

Sections 3A and 3B report episodic accuracy averaged over 600 test episodes, which reflects how well the model
generalizes across many different sampled tasks during model selection. This section instead uses the fixed 42-image
test set to measure real deployment performance. These two evaluations measure different things: episodic accuracy
shows meta-learning generalization, while fixed test accuracy shows how the model performs in a single, realistic
classification pass. The final model (EfficientNet-B2 with augmentation) was evaluated on the fixed 42-image test
set. Table 3 shows the per-class results.

Table 3. Per-class classification ceport (final model, before fine-tuning)

Class Precision Recall F1-Score Support
1_PETE 1.000 0.833 0.909 6
2_HDPE 1.000 0.500 0.667 6
3_PVC 1.000 1.000 1.000 6
4 LDPE 0.750 1.000 0.857 6
5 PP 0.600 1.000 0.750 6
6_PS 1.000 0.833 0.909 6
7_OTHER 1.000 0.833 0.909 6
Accuracy 0.857 42

Overall test accuracy reached 85.71%. Because the test set is small (42 images, 6 per class), one wrong prediction
changes the accuracy by about 2.38%. Using bootstrap resampling (n = 1,000), the 95% confidence interval for the
accuracy is [73.81%, 95.24%], which shows that even with a small test set, the result is still reasonably reliable. Three
classes reached perfect recall (PVC, LDPE, and PP), meaning no images from these classes were missed, but LDPE
and PP had lower precision because some images from other classes were wrongly predicted as LDPE or PP. Most
errors came from the HDPE-PP pair, three out of six HDPE images were wrongly predicted as PP, with high
confidence (92.65%, 99.87%, and 99.92%). This is likely because the numbers "2" and "5" look similar when printed
or embossed on certain packaging materials. One PETE image was predicted as LDPE, one PS image as PP, and one
OTHER image as LDPE, which explains the rest of the errors.
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Figure 5. Confusion matrix (rows = actual class, columns = predicted class). Most errors come from HDPE being
predicted as PP.

D. Fine-Tuning Results

Fine-tuning was done to fix the HDPE-PP confusion. The backbone was trained further on all 280 training images
using cross-entropy loss and AdamW (Ir = le-4, weight decay = le-4), with early stopping based on validation
accuracy. Table 4 compares the F1-scores before and after fine-tuning.

Table 4. F1-Score Before and After Fine-Tuning

Class F1-Score Before F1-Score After AF1
1_PETE 0.909 0.909 0.000
2 HDPE 0.667 0.857 +0.190
3 PVC 1.000 0.923 -0.077
4 LDPE 0.857 0.800 —0.057
5 PP 0.750 0.909 +0.159
6 PS 0.909 1.000 +0.091
7 OTHER 0.909 0.923 +0.014
Weighted avg 0.857 0.903 +0.046

Fine-tuning raised HDPE recall from 0.500 to 1.000 and improved the weighted F1-score from 0.857 to 0.903,
showing that normal supervised fine-tuning can fix embedding overlap between similar classes. The drop in F1 for
PVC (-0.077) and LDPE (-0.057) shows a trade-off between precision and recall, fine-tuning improved LDPE
precision from 0.750 to 1.000 by removing false positives, but recall dropped from 1.000 to 0.667 because some LDPE
images were now classified into neighboring classes. This trade-off is acceptable since the main goal was to fix the
bigger HDPE-PP problem.

Confusion Matrix — After Fine-Tuning
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Figure 6. Confusion matrix after fine-tuning: HDPE and PP are no longer confused with each other.
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Query Before Fine-Tuning After Fine-Tuning

OTHER

Figure 7. Prediction confidence for an HDPE image: before fine-tuning (PP: 99.92%) vs. after (HDPE: 100%).
E. Discussion

These results show that Prototypical Networks with cosine distance work well for classifying RIC symbols even
when data is limited. EfficientNet-B2's compound scaling [9] gave it a clear advantage in embedding quality over the
other backbones, which matches its good performance in other waste classification studies [26] and supports the idea
that embedding quality is the main factor for few-shot performance [18]. The ablation study shows that even simple
augmentation (+12° rotation, £15% color jitter) can improve results without changing the shape of the RIC symbols
too much, which agrees with other feature-augmentation studies in FSL [24].

Compared to earlier RIC classification research, this study reaches competitive accuracy using only 50 images per
class, while Listyalina et al. [10] needed 685 images with DenseNet-121 to reach 85.51%. Agarwal et al. reached
99.79% using one-shot learning on the WaDaBa dataset, but that dataset was collected in a controlled lab setting,
while our dataset represents more realistic packaging conditions, so the two results are not directly comparable.
Ranjbar et al. [22] recently used Vision-Language Models for few-shot plastic waste classification with multimodal
prompting; even though their method is very different from episodic metric learning, both studies show that classifying
waste with limited data is still a real and active research problem.

The ongoing HDPE-PP confusion shows a real challenge, the numbers "2" and "5" can look almost the same on
embossed packaging when viewed up close. Future work could try text-aware features, such as combining OCR results
with visual features as done in [29], to help solve this. Making Prototypical Networks work well across different
domains is also still an open research problem [30], which shows why more diverse datasets are needed for future
testing. The one case that stayed unresolved, a PETE image predicted as LDPE with 99.99% confidence, is likely
caused by very similar embeddings between the two classes, and might need extra PETE samples with different
printing styles or hard-negative training in the future.
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4. Conclusion

This study shows that a Prototypical Network using an EfficientNet-B2 backbone and cosine distance can reach
85.71% test accuracy for classifying seven RIC classes using only 50 training images per class, improving to 90.3%
weighted F1-score after fine-tuning. EfficientNet-B2's compound scaling made it clearly better than the ResNet-18
and ConvNet4 baselines within this FSL setup, which supports the idea that embedding quality is the main factor
driving few-shot performance [18]. Support-set augmentation consistently helped the model generalize better, and
fine-tuning successfully fixed most of the HDPE-PP confusion.

This study also has some limitations. The 350 images were all taken with one device (Samsung Galaxy A54) under
fairly controlled lighting and a fixed 10 cm distance, so the model's performance might change with different cameras
or more varied real-world conditions. The small test set (42 images, 6 per class) also adds some uncertainty to the
results, shown by the 95% bootstrap confidence interval of [73.81%, 95.24%]. In addition, all packaging samples
came from one geographic area, and printing styles can be different across manufacturers and countries. Testing how
well Prototypical Networks generalize across different domains is still an open question [30]. Future work should use
more devices, more packaging sources, and more varied environments to check if the model still performs well.

Overall, this study presents a working FSL pipeline for automatic RIC-based plastic waste sorting that only needs
a small amount of labeled data, making it practical for recycling facilities that do not have many labeled samples.
Future work could expand the dataset with more real-world images, try combining visual and text features as shown
in recent VLM-based studies [22], and test the model on larger FSL benchmark datasets such as Meta-Dataset [17] to
check generalizability further.
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