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Waste has become a serious environmental issue that requires effective and
efficient management systems. This study compares three residual network
(ResNet) variants (ResNet-34, ResNet-50, and ResNet-101) within the single
shot detector (SSD) framework for visual waste detection. The dataset
consists of 800 images in four categories—food, plastic, paper, and wood—
with a 70:20:10 split for training, validation, and testing. The backbone
architecture, optimizer (stochastic gradient descent (SGD) and Adam), and
learning rate are varied to evaluate fifteen experimental configurations.
Model performance is assessed using precision, recall, F1-score, and mean
average precision (mAP). The results show that SSD—-ResNet-34 with SGD
and a learning rate of 0.0005 works best, with a mAP of 91.02%, which is
better than deeper backbones. Deeper backbone architectures do not
consistently improve accuracy; instead, they increase the risk of overfitting
on small datasets. These findings highlight that lightweight architecture,

when used with the right hyperparameter settings, strikes a better balance
between accuracy, computational efficiency, and generalization for small-
scale waste detection tasks.
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1. INTRODUCTION

Waste is a serious environmental problem faced worldwide. Population growth, rapid urbanization
[1], and economic development [2] have led to a significant increase in waste volume. The World Bank
reported that there were 2.01 billion tons of global waste in 2016, and this figure is expected to increase to
3.4 billion tons by 2050 [3]. In Indonesia alone, total waste production in 2024 reached 32.66 million tons
[4]. This amount, if not managed properly, can cause serious environmental impacts, such as groundwater
and air pollution, land degradation, increased incidence of cancer, infant mortality, and birth defects [5]-[8].

One solution to overcome the problem of waste accumulation is through proper management.
Historically, waste management was carried out manually, where workers collected and disposed of waste at
predetermined locations [9]. However, this method is labor-intensive, inefficient, and error-prone, thus
requiring an automated and intelligent approach [10]. Along with technological advances, artificial
intelligence (Al) is starting to be considered as an alternative solution to improve waste management
efficiency. Al has proven effective in waste classification and detection [11]. In the realm of object detection,
there are two-stage algorithms, such as Faster region-based convolutional neural network (Faster R-CNN)
[12] as well as single-stage algorithms, such as you only look once (YOLO) [13] and single shot detector
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(SSD) [14]. Among the three, SSD stands out for its balance between accuracy and computational efficiency
[15], making it a promising choice for visual-based waste detection.

Recent studies have used various backbone networks in SSD, such as VGG, MobileNet, and residual
network (ResNet), to improve detection performance. For example, Meng et al. [16] demonstrated SSD using
MobileNet with FPN as feature extraction to classify waste. The study achieved a mean average precision
(mAP) of 93.63% and a speed of 102 FPS. Another study conducted by Haldorai et al. [17] used an improved
SSD model for an intelligent vision-based water waste cleaning robot achieving an accuracy of 94%. A study by
Fang [18] presented an improved algorithm based on SSD-based lightweight for recyclable waste detection,
which optimized the model's required features and reduced environmental noise in the detection model,
achieving an accuracy of 90.18%. Karthikeyan et al. [19] used an SSD algorithm with augmented NMS
classifier to detect biodegradable and non-biodegradable waste in real time and achieved an mAP of 96.5%. A
study conducted by Lee et al. [20] used SSD with AlexNet architecture to detect plastic bottles and beverage
waste packaged in aluminum foil, resulting in an accuracy of 95%. When applying SSD algorithms to litter
detection, selecting the right architecture plays a crucial role in improving the accuracy and performance of the
model in recognizing different types of litter. ResNet, introduced by He et al. [21], has been shown to overcome
the performance degradation of deeper CNNs through shortcut connections. Commonly used ResNet
architecture variants include ResNet-34, ResNet-50, and ResNet-101, which offer varying levels of complexity
and have been widely used as backbones in object detection and segmentation tasks [15], [22].

Although SSD has been used in several waste detection studies, comparative research specifically
evaluating the performance of different backbone architectures within the SSD framework is limited. Most
existing research focuses on a single model architecture, resulting in a lack of systematic understanding of
how backbone depth affects performance, especially on small-scale datasets.

On the other hand, several recent studies have explored transformer- and YOLO-based approaches for
waste detection, which demonstrate high accuracy but also come with higher computational demands. For
example, Wang et al. [23] used Swin Transformer for multi-category plastic waste sorting and achieved mAP
above 91% under complex lighting and background conditions. Huang et al. [24] implemented Vision
Transformer on a portable device for real-time waste classification, achieving 96.98% accuracy on the TrashNet
dataset. Ji et al. [25] proposed a multimodal Swin Transformer that combines RGB and spectral features to
identify plastic types with better durability. While these transformer-based models provide superior accuracy,
they often require high-end GPUs and extensive datasets, limiting their practicality for embedded or edge
computing applications. Consequently, CNN-based frameworks such as SSD remain attractive due to their
efficiency and lower computational cost, especially when optimized through backbone and parameter tuning.

Therefore, this study aims to fill this research gap by systematically comparing three ResNet
backbone variants (ResNet-34, ResNet-50, and ResNet-101) within the SSD framework. All models were
trained with the same experimental configuration, with variations in optimizer and learning rate, and
evaluated using precision, recall, F1-score, and mAP. This comparative analysis is expected to provide
practical insights into the trade-off between model accuracy and complexity, while contributing to the
development of efficient and sustainable deep learning-based waste detection systems.

2. METHOD

This study uses a research and development (RnD) approach by applying the SSD algorithm with a
ResNet backbone architecture to detect and classify waste objects in digital images. The goal is to identify
the most effective ResNet backbone architecture on SSD in the task of waste detection. The research
workflow consists of several stages: i) collecting a trash image dataset, ii) data preparation, iii) model
training, and iv) model evaluation using performance metrics. The flow in this study can be seen in Figure 1.

Dat Dat: Traini .
Start . ata > amm y ranmg » Evaluation
Collection Preparation Model

Figure 1. Research flow

2.1. Data collection

The dataset used in this study consists of 800 labeled digital images representing four waste
categories: food waste, plastic, paper, and wood, with 200 images in each category. The selection of these
four categories is based on data from the Ministry of Environment and Forestry of the Republic of Indonesia
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in 2024, which shows that these four types of waste constitute the largest composition of waste production in
Indonesia [26].

The dataset was obtained from several open-source sources available on Kaggle [27]-[29] and
GitHub [30]. All images are in JPG format with varying resolutions. To maintain consistency, simple pre-
processing was performed by resizing the images to suit the model training needs. The annotation process
was performed manually using the Roboflow website, then the annotation results were converted to the XML
Pascal VOC format to support model training with the PyTorch framework. Figure 2 shows sample data for
each class. As can be seen, the dataset contains samples of food, paper, plastic, and wood waste.

Food Waste

Plastic Plastic Wood

Figure 2. Example of the waste dataset

2.2. Data preparation

The waste dataset underwent a series of preprocessing, labeling, and validation steps before being
used for model training. At this stage, the collected data was resolution-adjusted to ensure size consistency,
labeled according to their respective classes, and verified for missing values. The dataset was then divided
into three subsets—training, validation, and testing—in a 70:20:10 ratio.

2.2.1. Data preprocessing

In the data preprocessing stage, each image is resized to standardize the input dimensions. Resizing
aims to ensure all images have a uniform size and are compatible with the model architecture, while reducing
computational complexity without losing important features. In this study, all images were resized to
256x256 pixels, which provides a balance between visual clarity and processing efficiency.

2.2.2. Object annotation

Object labeling or annotation is the activity of assigning labels, categories, or information to data by
creating bounding boxes so that the data can serve as a reference (ground truth) in the model training process.
The goal is to train the model to be able to recognize objects to be predicted. The classes defined in this study
include four categories: "food," "paper," "plastic," and "wood." Data labeling in this study was carried out
manually using the web-based software, Roboflow (https://roboflow.com/). The annotation process is carried
out by drawing bounding boxes around relevant waste objects and classifying them into one of four
predefined classes.

After all the data was annotated, it was divided into three parts with a proportion of 70% for the
training set, 20% for the validation set, and 10% for the test set. Figure 3 shows a graph of the distribution of
each trash class in the three subsets. In the training set, the four classes have a relatively balanced amount of
data, namely around 130 to 155 images per class. A similar distribution is also seen in the validation set with
a range of 35 to 45 images per class, and in the test set with a range of 10 to 25 images per class. This
indicates that the data distribution was done proportionally, so there is no imbalance in the amount of data
between classes in each subset.

The completed dataset was labeled and divided into sets, then exported in Pascal VOC XML format.
Object labeling generated an .xml file containing information about object classes and bounding box
coordinates. The object labeling process resulted in one object class per image with 800 objects.
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Figure 3. Distribution of number of image data for each type of waste based on dataset division

2.3. Training model

The SSD detector, introduced by Liu et al. [14], is a single-stage object detection framework that
integrates localization and classification in a single forward pass. The original SSD is built on a VGG-16
network, which consists of multiple convolutional layers followed by a fully connected layer with ReLU
activation. To adapt the VGG for detection tasks, the last fully connected layer is replaced with a
convolutional layer, and additional convolutional layers are introduced to extract multi-scale feature maps at
increasingly smaller resolutions. This design transforms the SSD into a fully convolutional network capable
of processing images of various sizes, making it more flexible than conventional fixed-size models [15]. As
illustrated in Figure 4, low-level feature maps are effective in detecting small objects, while high-level
feature maps capture larger objects, enabling multi-scale detection.
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Figure 4. SSD architecture

To achieve robust detection, SSD uses default anchor boxes with varying aspect ratios at each
feature map location and matches them to ground truth objects using the highest Jaccard overlap. During
training, the network optimizes a weighted combination of localization and confidence losses, while
strategies such as hard negative mining and extensive data augmentation further improve accuracy [31].
Despite offering superior speed compared to Faster R-CNN and higher accuracy than YOLO, SSD initially
struggled to detect small objects due to the limited representation power of its VGG-based backbone. This
limitation highlights a common problem in deep convolutional neural networks: as depth increases,
traditional architectures can experience degradation, where adding layers no longer improves and can even
reduce accuracy. Empirical evidence shows that the test risk forms a U-shaped curve with increasing depth in
CNNs [32] and that excessive depth can degrade accuracy even in ResNets for remote sensing tasks [33].

To address these challenges, more sophisticated backbones such as ResNet were later integrated into
SSD. ResNet residual connections mitigate the degradation problem by allowing deeper networks to
converge effectively, thereby improving detection performance, particularly for small and complex
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objects [34]. This evolution from VGG to ResNet marks a significant step in improving SSD's balance
between detection speed, accuracy, and scalability.

2.3.1. Residual network architecture as backbone

In SSD architectures, backbone selection plays a crucial role in determining the quality of the
resulting feature representations. Traditionally, SSDs use VGG-16 as their backbone, but the limitations of
this architecture in network depth and computational efficiency have prompted the development of
alternative architectures [14]. ResNet has become one of the most widely adopted backbones due to its ability
to address the vanishing gradient problem, enabling deeper network training with more stable performance
[21]. The use of ResNet as an SSD backbone improves the quality of the resulting feature maps, supporting
the detection of objects with a greater variety of sizes and complexities compared to conventional backbones
[35]. ResNet also improves deep network training with shortcuts that facilitate gradient flow, resulting in
faster training and significant improvements in depth accuracy [36], [37].

There are several variations of the ResNet architecture, such as ResNet-34, ResNet-50, and ResNet-
101, which are distinguished by the level of depth and complexity used. Aydemir et al. [38] stated that
ResNet variations are named based on the number of layers, for example, ResNet-34, ResNet-50, and
ResNet-101 have 34, 50, and 101 layers, respectively. These layers include convolutional layers, pooling
layers, fully connected layers, and skip connections that form the network. Figure 5 shows the architecture of
ResNet-34, ResNet-50, and ResNet-101.

ResNet-34 ResNet-50 ResNet-101
| Input | | Input | | Input |
| 77, 64 | | 77, 64 | | 7x7, 64 |
| Max Pool | | Max Pool | | Max Pool |
3x3, 64 6 1x1, 64 1x1, 64
3x3, 64 3x3,64 %3 3x3, 64 x3
1x1, 256 1x1, 256
3x3,128, /2
3x%3,128 X7 1x1,128 1x1,128
3x3, 128 3x3,128 x4 3x3,128 x4
1x1, 512 1x1, 512
3x3, 256, f2
3x3,256 x11 1x1, 256 1x1, 256
3x3, 256 3x3, 256 X6 3x3, 256 x23
1x1, 1024 1x1, 1024
3x3, 512, /2
3x3, 512 x5 1x1, 512 1x1, 512
3x3, 512 3x3, 512 %3 3x3, 512 x3
1x1, 2048 1x1, 2048
| Average Pool |
| Average Pool | | Average Pool |
| FC 1000 |
| FC 1000 | | FC 1000 |
| SoftMax |
| SoftMax | | SoftMax |

Figure 5. ResNet-34, ResNet-50, and ResNet-101 architecture

The application of the ResNet architecture to digital images has been used in various studies. For
example, a study conducted by Gao et al. [39] performed node detection using transfer learning with ResNet
34, showing an overall accuracy of 98.69%. Another study conducted by Rajpal et al. [40] detected COVID-
19 from chest X-ray images using features selected with ResNet-50, resulting in an overall classification
accuracy of 0.974+0.02 and sensitivities of 0.987+0.05, 0.963+0.05, and 0.973+0.04 at 95% confidence
intervals for the COVID-19, normal, and pneumonia classes, respectively. A study conducted by
Ma'rifah et al. [41] compared Faster R-CNN with ResNet-50 and ResNet-101 for detecting recyclable waste,
resulting in average F1-scores of 63% and 77%.

2.3.2. Training configuration

All experiments were conducted using Google Colab with GPU acceleration and implemented in
PyTorch. The SSD model was trained for 75 epochs with a batch size of 16. To assess the impact of
optimization strategies, two optimizers—stochastic gradient descent (SGD) with momentum and Adam—
were tested with learning rates of 0.01, 0.001, 0.0005, and 0.0001. The MultiStepLR scheduler was used to
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dynamically adjust the learning rate during training, thus facilitating stable convergence. The training
objective combined the Softmax cross entropy loss for multi-class classification and the Smooth L1 loss for
bounding box regression. In total, 15 model configurations were evaluated by integrating three ResNet
backbones (ResNet-34, ResNet-50, and ResNet-101) with different optimizer—learning rate pairs.

To improve model generalization across various visual conditions, extensive data augmentation was
applied using the TensorV2 library, including horizontal flip, blur, motion blur, median blur,
brightness/contrast adjustment, color jitter, and random gamma transform. These augmentations were applied
to all 800 images in the dataset, which comprise four waste categories: food, plastic, paper, and wood. In
addition to the artificial augmentations, the dataset also exhibits inherent diversity in lighting conditions
(indoor, outdoor, and low-light environments) and background settings (plain, textured, and cluttered).
Table 1 illustrates the architectural integration used in this study, combining the SSD framework with a
ResNet backbone. Meanwhile, Table 2 summarizes the complete training setup, including optimizer type,
learning rate, loss function, scheduler settings, and augmentation strategy.

Table 1. Experimental configuration of model, optimizer, and learning rate combinations
Architecture SSD+ResNet  Optimizer  Leamning rate
SSD+ResNet-34 SGD 0.01

0.001
0.0001
0.0005
Adam 0.001
SSD+ResNet-50 SGD 0.01
0.001
0.0001
0.0005
Adam 0.001
SSD+ResNet-101 SGD 0.01
0.001
0.0001
0.0005
Adam 0.001

Table 2. Training parameter details

Description Detail
Epoch 75
Batch size 16
Optimizer SGD with momentum, Adam
Initial learning rate 0.01, 0.001, 0.0001, and 0.0005
Scheduler MultiStepLR
Loss Softmax cross entropy
Augmentation Horizontal flip, blur, motion blur, median blur, to glar, random brightness
contrast, color jitter, random gamma, and TensorV2
# of input images 800

2.4, Evaluation

To evaluate the performance of the object detection model, this study uses several widely known metrics:
mAP, precision, recall, and F1-score. mAP is a standard metric in object detection, which reflects the average
precision across all classes and captures the model's precision-recall trade-off [42]. Meanwhile, precision, recall,
and F1-score are obtained from the confusion matrix, which is constructed based on the model's predictions across
four variables: true positive (TP), true negative (TN), false positive (FP), and false negative (FN).

In classification, TP refers to a positive instance that is correctly predicted as positive, while TN refers
to a negative instance that is correctly predicted as negative. Conversely, FP occurs when a negative instance is
incorrectly classified as positive, and FN occurs when a positive instance is incorrectly classified as negative [43].

2.4.1. Mean average precision

mMAP is one of the most commonly used metrics to assess the performance of object detectors [44].
mMAP is obtained by taking the average value of the average precision APi across all n evaluated samples
[43]. mAP can be calculated using (1):

mAP =~ ¥K=1 AP, X 100% (1)
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2.4.2. Precision

Precision is useful for calculating the performance analysis of a method by validating the method's
accurate positive predictions [45]. As shown in (2), precision is the ratio of correctly predicted positive cases
divided by the total positive class.

.. True Positive
Precision = — —— X 100% 2
True Positive+False Positive

2.4.3. Recall

Recall, another name for sensitivity, measures how well a model can detect positive cases. It is
calculated by dividing the total number of actual positive cases by the number of accurately predicted
positive cases [46]. Recall can be calculated using (3):

Recall = True Positive % 100% (3)

True Positive+False Negative

2.4.4. Fl-score
The F1-score is a performance metric that combines precision and recall by calculating their
harmonic mean, thus requiring consistently high precision and recall values to achieve a high F1-score [47].
The F1-score can be calculated using (4):
Precision X Recall

F1 —score = 2X——— X 100% (4)

Precision+Recall

3. RESULTS AND DISCUSSION
3.1. Results
3.1.1. Training model

The SSD model was trained 15 times with various backbone architectures, optimizer types, and
learning rates. Each model was trained for 75 epochs, and the training results were used for the testing and
evaluation phase. During the training process, the training loss was monitored as a key indicator of the
model's quality in predicting the training data. The total loss in SSD is a combination of the classification loss
and the bounding box regression loss (localization loss). The development of the training loss value during
the training process is shown in Figure 6, which illustrates a comparison of model performance based on the
architecture configuration and parameters used.

80.00
70.00

60.00

Training Loss
w S a1
S o o
o o o
o o o

20.00
10.00
0.00 — =0 3 )
1 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75
Epoch
=@=SSD ResNet-34 SGD 0.01 =@=—SSD ResNet-50 SGD 0.01 SSD ResNet-101 SGD 0.01
=@=—SSD ResNet-34 SGD 0.001  ==@=SSD ResNet-50 SGD 0.001 SSD ResNet-101 SGD 0.001

=@=—_SSD ResNet-34 SGD 0.00012 ==@==SSD ResNet-50 SGD 0.0001 ==@==SSD ResNet-101 SGD 0.0001
=@="SSD ResNet-34 SGD 0.0005 ==@=SSD ResNet-50 SGD 0.0005 ==@==SSD ResNet-101 SGD 0.0005
=@=SSD ResNet-34 Adam 0.001 ==@=SSD ResNet-50 Adam 0.001 SSD ResNet-101 Adam 0.001

Figure 6. Train loss graph SSD training
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Based on Figure 6, all models show a decreasing trend in training loss as the number of epochs
increases, indicating a successful learning process. However, the stability of the loss reduction varies
depending on the combination of optimizer, learning rate, and backbone architecture used. Using SGD with a
high learning rate (0.01) results in significant fluctuations, while lower learning rates (0.001-0.0001) show a
more stable loss reduction pattern. The SSD+ResNet-34 model shows relatively fast and stable convergence,
while SSD+ResNet-50 experiences larger fluctuations, and SSD+ResNet-101 takes longer to reach stability.
From the optimizer's perspective, using SGD with a learning rate of 0.0005 results in the most stable loss
reduction trend compared to other combinations.

3.1.2. Testing model

Each model, with varying backbone architecture, optimizer type, and learning rate, was then tested
using test data. The test data consisted of 80 datasets used for testing. Testing was conducted to assess the
model's performance in recognizing digital waste images. To provide a more comprehensive qualitative
comparison, the detection output of each model under its best-performing configuration is presented in
Figure 7. Figure 7(a) shows the detection results of SSD—ResNet-34, Figure 7(b) shows the detection results of
SSD-ResNet-50, and Figure 7(c) shows the detection results of SSD—ResNet-101. The SSD—ResNet-34 model
shows consistent and accurate detection, even under varying lighting conditions. In contrast, SSD—ResNet-50
sometimes misclassifies transparent plastic as paper due to color and texture similarities, while SSD—ResNet-
101 tends to produce redundant bounding boxes for similar objects due to feature overrepresentation.

Some detection results still fail to correctly identify objects or confuse one class of waste with
another, such as misclassifying paper as plastic. These misclassifications are mainly caused by visual
similarities between materials, including color hues and surface reflectance, which reduce the discriminatory
power between classes. Similar findings were also reported by Kang et al. [48], who emphasized that
confusion tends to occur when interclass features are not sufficiently discriminatory, and Chhabra et al. [49],
who highlighted that low interclass variability is a major cause of misclassification in a litter image dataset.

3.1.3. Performance

This study evaluates the performance of three SSD-based object detection models—each integrated
with a different ResNet architecture (ResNet-34, ResNet-50, and ResNet-101)—using various optimizer
settings and learning rates. Evaluation metrics include precision, recall, F1-score, and mAP, as summarized
in Table 3.

Table 3. Training results of ResNet architecture on SSD algorithm

Parameter Model Precision (%)  Recall (%) Fl-score (%) mAP (%)
SGD 0.01 SSD+ResNet-34 42.58 48.25 40.81 28.85
SSD+ResNet-50 42.69 34.75 32.59 20.19
SSD+ResNet-101 28.07 28.25 21.61 30.71
SGD 0.001 SSD+ResNet-34 53.87 56.75 40.81 29.58
SSD+ResNet-50 60 59 55 41.75
SSD+ResNet-101 63.4 60.5 61.3 59.7
SGD 0.0001  SSD+ResNet-34 61.9 64.7 60.9 43.71
SSD+ResNet-50 63.83 64.5 60.15 46.96
SSD+ResNet-101 71.21 69.25 65.83 33.54
SGD 0.0005  SSD+ResNet-34 79.52 82.5 79.37 91.02
SSD+ResNet-50 77.37 80.25 75.45 66.61
SSD+ResNet-101 67.52 66.5 63.45 46.13
Adam 0.001  SSD+ResNet-34 64.26 67.33 64.94 58.26
SSD+ResNet-50 52.94 54.13 49.35 42.10
SSD+ResNet-101 58.39 54.76 53.3 47.89

3.2. Discussion

Compared with previous studies, the proposed SSD with ResNet backbone shows competitive
performance. Meng et al. [16] reported an mAP of 93.6% using SSD-MobileNet, while Haldorai et al. [17]
achieved an accuracy of 94% on an intelligent vision-based water waste cleaning robot. Although our results
are slightly lower, these studies focused on multiclass problems with more diverse categories, which are
inherently more challenging. Furthermore, comparisons across different ResNet backbones show that deeper
architectures (ResNet-50 and ResNet-101) do not always produce better results on small-scale datasets, as
they are prone to overfitting and increased computational burden.

The qualitative results in Figure 7 further confirm this pattern, showing that SSD—ResNet-34
produces more reliable and precise detections compared to deeper backbones. Misclassifications primarily
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occur between the plastic and paper classes, as both have similar reflective properties and textures. This
finding is consistent with Kang et al. [48] and Chhabra et al. [49], who noted that limited inter-class
distinction in waste datasets often leads to confusion during feature extraction. Despite these challenges, the
SSD-ResNet-34 configuration demonstrates stable detection performance across a wide range of lighting
conditions and object scales, demonstrating strong feature generalization in a limited dataset environment.

4 -
Failed model detection results

(b)

#

Failed model detection results

(©)

Figure 7. Visual comparison of detection outputs using; (a) SSD—ResNet-34, (b) SSD-ResNet-50, and
(c) SSD—ResNet-101 models under their best-performing configurations

Furthermore, based on the test results in Table 3, it can be seen that the combination of the
SSD+ResNet-34 algorithm with the SGD optimizer and a learning rate of 0.0005 produces the best
performance, with a precision of 79.52%, recall of 82.5%, F1-score of 79.37%, and mAP50 of 91.02%. The
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model with the ResNet-50 backbone only recorded a maximum mAP50 of 66.61%, while the ResNet-101
was even lower at 46.13%. In addition, the Adam optimizer consistently produced lower mAP compared to
SGD across all backbones, indicating that SGD is more suitable in the context of the limited dataset used.

These findings confirm that the lower-complexity backbone architecture (ResNet-34) is superior to the
deeper architecture, as it minimizes the risk of overfitting and is more efficient on small-scale datasets. This is in
line with previous findings [48], which showed that lightweight models are able to achieve optimal performance
under balanced parameter settings. In contrast, ResNet-101, although deeper, is more prone to overfitting and
requires a larger dataset and a more complex training strategy to achieve good generalization [49].

Furthermore, these results indicate that optimizer selection significantly impacts model performance.
Adam does tend to converge faster, but test results show weaker generalization compared to SGD. This is in
line with previous studies reporting that SGD is superior by providing better generalization and more stable
convergence, whereas Adam, despite its faster convergence, often leads to weaker performance in object
detection tasks [50], [51]. Similarly, inappropriate hyperparameter selection, such as too high a learning rate,
can cause the model to oscillate during training and fail to reach the optimal convergence point, thus
degrading model performance [52].

Overall, this study makes a novel contribution by comparing different ResNet variants as the
backbone of SSD in the context of waste detection. The results show that a lighter model like ResNet-34,
with appropriate hyperparameter settings, can provide the best balance between accuracy and efficiency.
These findings are relevant for real-world applications in developing countries, where limited computing
resources are a key consideration in building sustainable deep learning-based waste detection systems.

4. CONCLUSION

This study compares three ResNet backbone architectures (ResNet-34, ResNet-50, and ResNet-101)
within the SSD framework for visual-based waste detection. Experimental results show that SSD—ResNet-34
achieves the best balance between accuracy and efficiency on limited datasets, outperforming deeper
variants. This finding suggests that sufficiently deep architectures can provide optimal generalization on
small-scale datasets while maintaining real-time detection capabilities. Furthermore, the use of SGD provides
better generalization than Adam, confirming its effectiveness for training object detection models under
limited data conditions.

The novelty of this study lies in the systematic evaluation of the interaction between backbone—
optimizer—learning rate, which offers empirical insights into how network depth affects detection accuracy
and computational efficiency. Unlike previous SSD-based studies that focused on a single backbone or
dataset, this study emphasizes robustness and implementation feasibility testing, providing both theoretical
and practical contributions to deep learning-based waste detection.

From an engineering perspective, the proposed SSD—ResNet-34 model is lightweight and efficient,
making it suitable for deployment on edge devices such as the Jetson Nano or Raspberry Pi. When integrated
into loT-based or cloud-based waste management systems, this model can automate the detection and
classification processes to improve the efficiency of recycling, collection, and monitoring in smart cities,
especially in resource-constrained environments.

However, this study is limited by the size and diversity of the dataset, which may limit its
generalizability to more complex real-world conditions. Future research should extend this study by
incorporating a hybrid CNN-Transformer architecture, expanding the dataset to encompass more
environmental variability, and conducting real-world field tests. These steps will further enhance the
robustness, scalability, and interpretability of next-generation smart waste management systems.
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