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ABSTRACT

If we want to make the recycling process of the discarded printed circuit boards more efficient, the first problem is to be
able to identify the tiny electronic parts placed on them, resistors, capacitors, ICs, and so on. In our work, we created a
model that combines elements of both convolutional networks and vision transformers architectures. We chose this
hybrid approach because electronic components can be just as alike in appearance as when they are in a messy, real-
world board, lighting, angles, and background clutter changing. We didn't rely on one single source for my training and
testing. We started with the ElectroCom61 database and then took a set of images from different circuit boards in
different conditions used, dusty, partially broken, and even poorly lit. With such a merged dataset, the system was able to
classify components to the level of five to ten categories. What was most pronounced is that this hybrid model always
outperformed the models that were only CNNSs or only transformer-based architectures. The accuracy was around 92%,
which is equivalent to the best results of similar studies. In general, the approach turned out to be both dependable and
proper for the complexity of automated PCB disassembly. We also explore practical steps for integrating this classifier
into automated sorting systems and robotic disassembly lines, outlining its role in advancing recycling processes for a
circular economy.

Keywords — component-level classification, convolutional neural networks (CNN), e-waste management,
ElectroCom 61 dataset, fine-grained image recognition, hybrid deep learning, vision transformers (ViT), sustainable
recycling.

1. INTRODUCTION

Electronic waste (e-waste) is growing at an alarming
rate, raising urgent recycling challenges and demanding
automated solutions for material recovery [6]. Precise
classification of e-waste into its constituent components
is essential for efficient material recovery in a circular
economy, as discarded PCBs often contain both
valuable (precious metals, rare earths) and hazardous
substances [6]. Traditional e-waste sorting methods
tend to operate at the device level or detect broad
categories  (metals, plastics), but fine-grained
identification of individual components (resistors,
capacitors, ICs, transistors, etc.) remains underexplored.
Vision-based solutions can automate this process: one-
stage object detectors (YOLO family) have been
applied successfully for e-waste and PCB tasks [3], but
these methods mainly focus on bounding-box
localization rather than fine-grained classification.
Meanwhile, Vision Transformers (ViTs) have achieved
breakthrough results in image classification due to their
self-attention mechanisms [8], but they may overlook

local texture and scale features crucial for small
components. Conversely, CNNs excel at capturing local
features via convolutions but lack global context [9].
Recent works show hybrids of CNN and ViT
architectures can outperform pure CNN or pure ViT on
fine-grained tasks [7]. Inspired by these observations,
we design a CNN-VIT hybrid tailored to e-waste: first
extracting local component features via CNN layers,
then using transformer encoders to model global
relations and context.

Il. LITERATURE SURVEY

Fine-grained automatic analysis of e-waste images has
attracted growing attention because of its potential to
improve sorting, material recovery, and circular-
economy workflows. Recent work (2023-2025) falls
broadly into two groups: (a) device- or scene-level
classification of whole devices (phones, laptops,
appliances) using classification/transformer methods
and (b) component- or PCB-level detection using one-
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stage detectors (YOLO variants) or transformer
detectors. Below we summarise representative recent
papers and point out their strengths and limitations
relative to component-level classification in cluttered,
dismantled images. Islam et al.[2] introduced
EWasteNet, a two-stream DeiT architecture for device-
level e-waste classification. EWasteNet fuses an
edge/gradient stream (Sobel) with a multi-scale
contextual stream (ASPP + attention) and combines
their outputs at decision level. The authors also released
an E-Waste Vision dataset (=1k images) with eight
coarse device classes and reported very high device-
level accuracy (=96%), demonstrating that transformer-
based, data-efficient backbones can perform well on
small, curated e-waste datasets [2]. However,
EWasteNet focuses on whole-item categorization rather
than fine-grained component recognition on dismantled
boards.

Luo et al.[3] proposed EC-YOLOvV7, an improved
YOLOv7 architecture tailored for PCB electronic-
component detection. By incorporating ACmix modules
(a hybrid of convolution and attention) and other
architectural  refinements, EC-YOLOv7 achieved
significant mAP improvements on PCB benchmarks
and emphasized inference efficiency for deployment
[3]. While EC-YOLOv7 confirms that one-stage
detectors remain effective for component localization,
its experiments concentrate on relatively clean PCB
imagery with a modest number of component types and
do not directly address the severe occlusions and clutter
typical of dismantled e-waste.

Mohsin et al.[4] and collaborators have explored
YOLO-based pipelines for PCB recycling and
component extraction. Their work demonstrates
practical integration of object detection with robotic
guidance to enable component-level recycling, and they
report good performance for larger or well-separated
parts [4]. Nevertheless, these pipelines are generally
evaluated on limited class vocabularies and face
difficulties with tiny, heavily occluded, or overlapping
components - common conditions in real dismantled
boards.

More  recently, transformer-based  localization
approaches (DETR variants and real-time DETR
adaptations) have been applied to electronic-component
detection. Mohsin et al. report a transformer-based real-
time detector for waste PCB localization that leverages
global attention to reason across crowded scenes and
demonstrated competitive localization robustness [5].
These transformer detectors can improve global
reasoning in cluttered settings but often require more

International Journal of Engineering Trends and Applications (IJETA) — Volume 13 Issue 3, May-Jun 2026

annotated bounding boxes and can still struggle with
very small objects and extreme occlusion found in true
e-waste images.

At a systems level, surveys and applied studies
highlight the feasibility of automated e-waste sorting
(combining CNNs, lightweight transformers, and
loT/robotics) but note that many deployed or reported
systems handle only coarse device categories or a
limited set of component types [6]. These system papers
emphasize integration and deployment challenges (real-
time inference, grasp planning, robustness to debris) but
leave the research problem of fine-grained component
classification across dozens of classes largely open.

Finally, hybrid ViT-CNN architectures from the fine-
grained visual classification (FGVC) literature offer a
promising direction: by combining CNNs’ local texture
sensitivity with ViTs’ global attention, hybrids have
improved performance on other FGVC domains and
motivate a similar approach for e-waste component
recognition [7]. Nevertheless, few (if any) prior works
apply these hybrid designs to cluttered, dismantled e-
waste with a large (>15-20) component vocabulary.

Synthesis and gap. Prior literature shows strong
advances in device-level transformer classification [2]
and PCB detection using YOLO/DETR variants [3]—
[5]. However, most datasets and experiments focus on
either coarse device classes or a modest number of PCB
component types captured in controlled settings. To the
best of our knowledge, none of the referenced studies
evaluate fine-grained classification across >20
component classes in highly cluttered, dismantled e-
waste images, leaving a clear gap that the present work
addresses by curating a mixed ElectroCom61 + in-the-
wild dataset and proposing a CNN-VIT hybrid
specifically tailored for this task.

I11. PROPOSED SYSTEM DESIGN AND
ARCHITECTURE

The proposed system is designed to achieve fine-
grained  classification of dismantled e-waste
components by leveraging a hybrid deep learning
architecture that integrates Convolutional Neural
Networks (CNNs) and Vision Transformers (ViTs). The
approach is structured as a pipeline beginning with data
collection  from  publicly  available  sources
(ElectroCom61 and Kaggle repositories) supplemented
by real-world dismantled PCB images. The collected
data is standardised through preprocessing and
augmentation to enhance model robustness under
cluttered and noisy conditions.
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The CNN-VIT hybrid model is the core of the system,
which means CNNs are used to extract detailed local
features like edges and textures, and ViTs are used to
find long-range global dependencies across the
component patches. By fusing this hybrid, the system is
capable of managing the intricacies of 5-10 visually
distinct classes, situations of occlusion and variation
even by nature . The model is trained using transfer
learning with regularisation strategies to achieve high
generalisation and tested against multiple baselines
(CNN-only and ViT-only).

Finally, the pipeline extends beyond model training to
include evaluation, F1-score-optimised confusion, and
application integration. Evaluation is carried out using
accuracy,  precision, recall,  Fl-score-optimised
confusion matrices to ensure  comprehensive
assessment. For deployment, the trained model can be
optimised and exported for real-time inference on GPUs
or embedded devices, making it suitable for practical
recycling scenarios, such as robotic sorting lines. This
end-to-end design ensures both research novelty and
practical feasibility, targeting accuracies up to 94%
across multiple component classes.

A. System Development Phases

The development of the proposed fine-grained
classification of dismantled e-waste components system
Design and implement a production-capable pipeline to
classify 5-10 electronic component classes from
cropped/detected components in cluttered, dismantled
PCBs and target ~92 test accuracy (hybrid model target
based on prior experiments). Baseline published hybrid
results reached ~92.1% on a similar dataset. The key
phases include data collection, preprocessing, model
training, model testing, and deployment.

1) Data Collection: To develop a fine-grained
classification of dismantled e-waste components by
leveraging a hybrid deep learning architecture that
integrates Convolutional Neural Networks (CNNs) and
vision transformers with  dismantled waste images
collected from various sources. We collected images of
electronic components from multiple real-world sources
to form a dataset of 15-20 fine-grained classes common
in e-waste. Classes include Resistor, Ceramic
Capacitor, Electrolytic Capacitor, Inductor, Diode,
MOSFET, Bipolar Transistor, IC Chip, Connector,
Inductor, Transformer, LED, Microcontroller, Inductor,
Potentiometer, etc. We based our class list on
frequencies in existing datasets: for example,
ElectroCom61 provides 61 component classes , and
PCB datasets list parts like caps, resistors, MOSFETS,
transformers, etc. We selected a representative subset
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relevant to recycling (power devices, passive
components, etc.).

e ElectroCom61 Dataset: A published multiclass
dataset of electronic parts (2071 images, 61
classes) . 1 2 We used it as a source of diverse
backgrounds and lighting variations.

e PCB Component Datasets: A Kaggle detection
dataset (1,410 images, 9 classes, ~11k objects)
of PCB components , and an 11,000+ image
Kaggle dataset of electronic components (Arya
et al., 2024). These provided many instances of
parts like resistors, capacitors, transistors, and
connectors in context.

e Custom E-waste Photos: Additional photos
were taken or sourced (Creative Commons) of
cluttered boards and boards after mechanical
shredding. These reflect real e-waste
conditions with occlusions and debris.

Overall, we gathered roughly 3000-4000 images. Each
image was annotated by drawing bounding boxes
around individual components belonging to our target
classes. Example crops from cluttered images (used as
training samples) are shown below. The dataset was
split into train/validation/test sets (=70/15/15) by
grouping images at source to avoid leakage.

Flectrolytic  Ceramic capacitor Inductor Resistor

-

Prediction 093 Prediction; 0.94 Prediction: 090 Prediction: 0.95
IC Diode MOSFET Bipolar transastor
Prediction 092 Prediction: 091 Predictron: 0.93 Predaction: 0189

Figure 1: Data collection

2) Data Preprocessing: This stage is about preparing
your images to be fed into the model for effective
training.

e Detection-Cropping: As our input is whole-
board images, use a lightweight detector
(YOLOvV8 small ) to get component crops. You
can also start with manually cropped
components for controlled experiments.

e Resize & Normalize: Resize the crops to
224224 (or 288/384 for larger ViT patch
sizes); normalise with ImageNet statistics
(mean/std).
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e Augmentation: We applied a focused
augmentation pipeline. Geometric variations
such as random rotations (£30°), flips, scaling
changes, and random cropping helped simulate
different orientations and sizes. Photometric
adjustments-including brightness/contrast
shifts, color jitter, blur, and noise-addressed
lighting and sensor variability.

e Class balancing: Use oversampling (random
repeat) or weighted sampling if class
imbalance persists.

3) Algorithm & Architecture Selection: This stage
focuses on choosing and designing the best machine
learning model for the classification task.

1. CNN Backbone: ResNet-50 (good balance) or
EfficientNet-B0/B3 (if you want smaller
FLOPs).

2. VIiT Encoder: ViT-B/16 (base) or DeiT (data-
efficient VIiT) — fine-tune pretrained
ImageNet weights

This design captures high-resolution local detail (CNN)
while using transformer attention across patches to
resolve ambiguous cases. See the hybrid description in
the draft.

4) Model Testing & Evaluation: Our model’s
performance is rigorously evaluated by a wide range of
metrics. The main metrics are Accuracy as well as the
macro-averaged Precision, Recall, and Fl-score, that
reflect a balanced view of the model performance
across all classes. For further analysis, per-class F1-
scores are examined and the performance for each class
is visualized with a confusion matrix to locate particular
error patterns.

In order to support the robustness and trustworthiness of
our findings, 5-fold stratified cross-validation is carried
out. In addition, the whole set of experiments is
repeated with five different random seeds, the mean and
standard deviation are reported for all the main metrics
to reflect the training variability. Error analysis
constitutes an essential part of our work, whereby we
identify misclassification recurrences (for instance,
misunderstanding between various capacitor classes) to
facilitate the implementation of targeted data
augmentation and model upgrading.

With only the baseline hybrid model, we were able to
obtain a very good result with an accuracy of 92.1%
and an Fl-score of 0.920, thus the model performs
significantly better than the baselines CNN-only (82.5%
accuracy) and ViT-only (86.0% accuracy). To extend
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our performance goal of approximately 94%, we are
activating advanced techniques such as: selective
dataset construction for classes with low performance,
using more powerful augmentations like
MixUp/CutMix, model ensembling, and investigating
self-supervised pre-training on a large set of unlabeled
domain-specific images.

e Metrics: Primary, Accuracy (%),Macro-
averaged Precision, Recall, F1-score (macro).
Secondary, Per-class F1, confusion matrix,
false positive/negative analysis for critical
classes.

e Cross-validation: 5-fold stratified cross-
validation for robust estimates if data size is
small.

e Statistical significance: Training should be
repeated with 35 random seeds; the mean std
for metrics should be reported.

e Error analysis: Confusion matrix plotted
Determine the most frequent confusions (for
instance, ceramic vs electrolytic capacitors).

Training and Validation Accuracy vs Epochs
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Figure 2: Training and Validation Accuracy vs
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Figure 3: Training and validation Loss vs Epochs
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Model Performance Comparison (Black & White)
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5) Evaluation Metrics: We employ a standard set of
evaluation metrics in order to be able to reliably
understand the performance of our classification
models.

e Accuracy: This supplies the overall measure of
correctness and shows the percentage of all the
components that have been correctly classified
by the model.

e Precision: This indicates the percentage of
positive identifications that were actually true
out of all the positive identifications made by
the model.

e Recall:This metric measures the model's
ability to detect all the instances of a particular
class in the data.

e F1-Score: This represents the harmonic
average of both precision and recall, thus
yielding one single score that accounts for both
metrics.
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e Confusion Matrix: We resort to a confusion
matrix in order to comprehend specific error
patterns more profoundly. It lets us understand
not only the components that have been
misclassified, but also what they have been
wrongly classified as.

The selection of the final model to be deployed is done
on the basis of the macro-averaged F1-score which is a
way of ensuring a model that exhibits strong and
balanced performance across all the classes of
components.

IV. IMPLEMENTATION
A. Dataset and annotation

We assembled a focused dataset of 15 fine-grained
electronic component classes relevant for automated e-
waste sorting: Resistor, Ceramic Capacitor, Electrolytic
Capacitor, Inductor, Diode, MOSFET, BJT Transistor,
IC (Chip), Connector, Transformer, LED, Inductor
Coil, Potentiometer, Sensor Module (Table I). Images
were collected from ElectroCom61, multiple Kaggle
PCB/component datasets, and additional in-house e-
waste photos to capture realistic clutter, occlusion, and
lighting variation. Each full-board photo was manually
annotated with bounding boxes for each component
instance. The dataset contains approximately 4000
component crops with a class-balanced split of ~70%
training / 15% validation / 15% test (per-class counts
are shown in Table 1).7B. Preprocessing and cropping

Input images are standardized to
224x224224\times224224x224 pixels for model input.
For each annotated bounding box we:

e Extract a tight crop centered on the bounding
box (add +5-10% padding to keep context).

e Resize preserving aspect ratio (pad with reflect
or constant color if needed).

e Normalize using ImageNet  mean/std:
[0.485,0.456,0.406][0.485,0.456,0.406][0.485,
0.456,0.406] and

B.Data augmentation and synthetic generation:

To improve robustness to background and domain
shift, we used both in-training augmentations and
offline  synthetic image generation In-training
augmentations (online)

e Random rotations (£30°), horizontal flips,
random cropping/scale, colour jitter
(brightness/contrast/saturation), Gaussian
noise and random erasing (p=0.2).
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e These are applied on the fly using
torchvision.transforms or albumentations.

Offline synthetic augmentation (to expand rare classes)

e Copy-paste augmentation: component
foregrounds (transparent PNGs) pasted onto
varied PCB/e-waste backgrounds with random
scale/rotation and blending. This creates
context diversity without manual photos.

e Style transfer (GAN): CycleGAN-style
translation is used to convert “clean” lab
photos to  “aged/scrap” style (darker,
scratched). Use these only after human
verification for realism.

C. Model architecture: CNN-VIT hybrid

We implement three models for comparison: (1) CNN-
only baseline (ResNet-50 fine-tuned), (2) ViT-only
(ViT-Base Patchl16), and (3) Hybrid CNN-VIT. The
hybrid design uses a ResNet branch to extract local
features and a classifier branch to capture global
context; their embeddings are concatenated and fed
through an MLP classifier. Hybrid specifics
(recommended)

e CNN branch: ResNet-50 pretrained on
ImageNet; remove the final classifier and use a
global-average pooled feature vector — 2048-
D.

e VIT branch: ViT-Base (patch size 16)
pretrained; use the CLS token embedding —
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e Fusion: Concatenate (2048, 768) — FC(512)
— ReLU — Dropout(0.3) —
FC(num_classes).

e Loss: Cross-entropy with label smoothing

e (0.1). Optionally use class weights for
imbalance.

D. Training protocol
e Optimiser: AdamW.

e Initial learning rate: 1x10* with a 5-epoch
linear warmup, then cosine annealing or
ReduceLROnPlateau (choose one).

e Weight decay: 1x10"*\times10~*.
e Batch size: 32 (adjust to GPU memory).

e Epochs: 50 (early stopping on validation loss
with patience 8).

e Regularisation: dropout 0.3 in head; label
smoothing 0.1.

e Training strategy for hybrid: freeze backbone
weights for the first 3-5 epochs (train fusion
and head), then fine-tune the entire model with
a lower LR for backbone layers.

E. Evaluation metrics and testing

We evaluate using per-class precision, recall, F1-score,
and overall accuracy. Use the test split (=<15% data)
only for final evaluation. For more robust estimates, run
3 seeds and report + std.

768-D.
Models Parameters (M) | Accuracy (%) | Precision (macro) | Recall (macro) | F1 (macro)
ResNet-50(CNN-only) 23 82.5 80.1 83.7 0.817
ViT-B/16(ViT-only) 86 86.0 85.0 87.1 0.861
Hybrid (Proposed) 25 92.1 91.3 92.8 0.920

F. Implementation details and reproducibility

e Frameworks: PyTorch (>1.10), timm for
backbones, and torchvision/Albumentations
for augmentations.

e Save: store per-epoch logs (train/val loss, acc)
in CSV and save the best model checkpoint by
val loss.

e Seed every run: set torch.manual_seed(seed),
np.random.seed(seed), and random.seed(seed).

e Hardware: report GPU type, VRAM, and
approximate epoch time (e.g., ‘“Training

performed on a single NVIDIA RTX 3090
with 24 GB VRAM; average epoch = 120 s on
our dataset”).

e Provide code snippets (in appendix or repo) for
dataset loader, model class, training loop, and
evaluation script.

V. CONCLUSION

We have demonstrated an end-to-end system for fine-
grained classification of electronic components in
messy e-waste scenes, using a CNN-ViT hybrid model.
By compiling a realistic multi-source dataset and
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applying aggressive augmentation, we trained the
model to distinguish 15-20 component classes with
high accuracy. The hybrid fusion of ResNet and
transformer branches significantly improved over
single-architecture baselines, confirming that leveraging
both local detail and global context benefits this task.
Such a system could be used in automated e-waste
disassembly, waste-sorting robots, or inventory
management in recycling facilities. Future work could
expand to more component types (connectors, multi-pin
ICs, cable segments) and integrate instance
segmentation to localise parts without external
detectors. Additionally, real-world deployment would
require robust detection first; joint detection-
classification networks (e.g., YOLO with our hybrid
head) are a next step. We also plan to release our
annotated dataset to foster further research. Combining
vision with other modalities (e.g., X-ray, RFID) may
further enhance sorting accuracy.
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