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Abstract - Accurate waste classification is essential for sustainable environmental management, as traditional manual approaches
are time-consuming, labour-intensive, and prone to human error. Deep Learning (DL) has achieved remarkable progress in image-
based classification, but its dependence on large, labelled datasets and centralised training raises concerns about data privacy and
scalability. Federated Learning (FL) provides a privacy-preserving alternative by enabling model training across decentralised devices
without sharing raw data. However, applying FL to waste image classification remains challenging due to the non-independent
and identically distributed (non-1ID) nature of client data, caused by variations in environment, lighting, and user habits.To address
this, we propose a privacy-preserving and adaptive FL framework tailored for waste image classification under heterogeneous data
distributions. Five Convolutional Neural Network (CNN) architectures—ResNet-18, ResNet-50, GoogleNet, DenseNet-121, and VGG-
19—were systematically compared under both centralised DL and FL settings. Experimental results show that GoogLeNet achieves the
highest accuracy, reaching 80.45% under non-IID FL conditions, outperforming centralised DL by up to 9.8% in specific configurations.
These findings demonstrate the effectiveness of FL in improving generalisation and robustness while preserving privacy, providing
practical insights for developing scalable, intelligent waste management systems in real-world, diverse environments.
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1. INTRODUCTION scalability challenges, especially when handling sensi-

tive or distributed data sources [1].
As global waste production surges, efficient and ac-

curate waste classification has become a cornerstone of
sustainable environmental management. Manual sort-
ing, still common in many regions, is time-consuming,
error-prone, and physically demanding. Automated
systems powered by Machine Learning (ML) and Deep

Federated Learning (FL) provides a compelling alterna-
tive by enabling collaborative model training across mul-
tiple devices without sharing raw data. This approach is
particularly valuable for waste classification, where data
is often collected from diverse sources—such as house-
holds, recycling centres, or smart bins—resulting in non-

Learning (DL) have emerged as promising solutions,
offering fast and reliable image-based waste recogni-
tion. However, traditional DL approaches require large,
centralised datasets, which can pose privacy risks and
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independent and identically distributed (non-IID) data
distributions. Non-IID data presents unique challenges,
as client devices may have entirely different waste cat-
egories or imbalanced datasets, which can complicate
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model convergence and performance [2], [3]. While prior
studies, such as Liu et al. [4] and Yang et al. [2], have ap-
plied DL to waste classification with high accuracy (e.g.,
93-97%), their reliance on centralised data collection
limits their applicability in privacy-sensitive scenarios. Li
et al. [3] demonstrated FL's potential for waste classifica-
tion, achieving robust results without data sharing, but a
systematic comparison of FL and DL under non-IID con-
ditions remains underexplored.

This study addresses this gap by developing a priva-
cy-preserving FL framework for waste image classifica-
tion, specifically designed to handle non-IID data. We
compared the performance of five widely used CNN
architectures—ResNet-18, ResNet-50, GoogleNet,
DenseNet-121, and VGG-19—under both centralised
DL and FL settings. Our experiments tested various
data partitioning strategies, including 1D, Dirichlet-
based non-IID (« = 0.1, 0.01), and sharding-based non-
IID (s = 4, 2), to simulate real-world heterogeneity. Our
key contributions are:

1. A detailed comparative analysis of federated and
centralised deep learning, revealing FL's unique
robustness to non-lID waste data with up to 5% ac-
curacy gains over centralised methods.

2. A novel FL framework developed to underpin this
comparative study, enabling evaluations across di-
verse data distributions and highlighting accuracy,
stability, and sensitivity to non-IID conditions.

3. Evaluation of five CNN architectures providing tar-
geted guidance for model selection and hyperpa-
rameter tuning in real-world waste management
systems.

By addressing the challenges of non-IID data and
privacy concerns, this study paves the way for scalable,
privacy-compliant smart waste management solutions.

2. RELATED WORK

Recent advances in waste classification have lever-
aged both traditional ML and DL techniques, with vary-
ing degrees of success, as shown in Table 1. Yang et al.
[5] introduced the TrashNet dataset, containing 2,527
images across six waste categories, achieving 63% ac-
curacy using a support vector machine (SVM). Satvilkar
[6] reported a 62.61% accuracy rate with a random for-
est classifier, later improving to 70.1% with XGBoost.
Costa et al. [7] applied K-nearest neighbours (KNN),
reaching 88% accuracy. While these traditional ML
methods are computationally lightweight, they often
require complex preprocessing pipelines, which can
lead to storage overhead and deployment challenges.

DL approaches have significantly outperformed tra-
ditional ML in waste classification. Rabano et al. [8] used
MobileNet on the TrashNet dataset, achieving 87.2% ac-
curacy on a mobile device. Adedeji et al. [9] combined
ResNet-50 with an SVM classifier, achieving 87%. More re-
cently, Aral et al. [10] fine-tuned DenseNet-121 and Incep-
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tionResNetV2, achieving 95% and 94% accuracy, respec-
tively. Ozkaya et al. [11] achieved a remarkable 97.86%
accuracy using a GooglLeNet-SVM combination on Trash-
Net. Beyond public datasets, Mittal et al. [12] developed
the GINI dataset (2,561 images) and proposed GarbNet,
achieving 87.69% accuracy. Yang et al. [2] introduced Gar-
bageNet, which achieved 96.96% accuracy on the Huawei
Cloud Garbage Classification Challenge dataset. Fu et al.
[13] reported 93.47% and 92.62% accuracy rates, using Ef-
ficientNet and an enhanced MobileNetV3.

Despite these advances, most DL-based studies rely on
centralised training, which raises privacy concerns when
datais collected from distributed sources like smart bins
or user devices. Federated Learning has emerged as a
solution to address these concerns[14]. McMahan et al.
[15] introduced the Federated Averaging (FedAvg) algo-
rithm, demonstrating its efficiency in training deep net-
works across decentralised devices. Hard et al. [16] ap-
plied FedAvg to mobile keyboard prediction, enhancing
privacy without compromising performance. Bonawitz
et al. [17] outlined scalable FL system designs that ad-
dress challenges such as communication efficiency and
client availability. In the domain of waste classification,
Li et al. [18] combined FL with graph convolutional net-
works, achieving high accuracy while preserving data
privacy. Recent studies have explored FL on non-IID
data, but mostly for general image classification [18][19];
for waste management, deep-learning approaches that
preserve privacy have been proposed [20][21].

Recent works have increasingly applied FL to waste
management, focusing on non-lID data challenges in
distributed environments. While centralised approaches
can still deliver strong results in controlled settings. For
instance, Ahmad et al. (2025) [22] proposed a highly
memory-efficient CNN incorporating Global Average
Pooling that achieved 92.5% accuracy on a custom
four-class waste dataset (aluminum, cardboard, plas-
tic, and glass), using just 495,620 parameters and 1.27
GFLOPs, dramatically outperforming bulkier models
like VGG16 and ResNet50 in both efficiency and several
performance metrics, these methods inherently lack the
privacy protections that FL provides in decentralized,
multi-stakeholder scenarios. Kumar et al. (2024) [21] pro-
posed a federated learning system for loT-based waste
management using models such as ResNet50, VGG16,
InceptionV3, and EfficientNet, along with FedAvg,
FedAMP, FedAdam, and FedMA. On a custom 15,150-im-
age dataset spanning 12 waste categories, FedAdam
achieved the highest accuracy at 77.56%. The approach
highlights privacy preservation in decentralised smart
bins but does not explicitly address extreme non-IID
conditions such as pathological data distributions.
Shami et al. (2025) [23] introduced federated continual
learning (FCL) for vision-based plastic classification in re-
cycling, using ResNet-18 on the custom DWRL dataset
(6 plastic types). Their approach combined FL strategies
(FedAvg, FedOpt, FedProx) with continual learning tech-
niques (EWC, Replay), yielding 83.68% overall accuracy
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and robustness to non-lID data across multiple plants;
however, it was constrained by dataset size and simu-
lated environments, highlighting scalability issues for
real-world deployments. Vignesh and Subashini (2025)
[24] developed a multilevel thermoplastic waste seg-
regation system using AHGSO (Adaptive Hybrid Grey
Wolf Spider Monkey Optimisation) with FL on a custom
dataset, achieving improved classification accuracy (up
to 98% in some classes) under non-lID conditions; the
work's strength lies in hybrid optimisation for heteroge-
neous data, but it lacks comparison with centralised DL
baselines. Zhang et al. (2024)[25] presented FedScrap, a
layer-wise personalised FL framework for scrap detec-
tion (waste metal classification), tested on industrial da-
tasets with non-IID distributions, reaching high accuracy
(up to 95%) via personalised aggregation; its limitation
is domain specificity to scrap, with less emphasis on pri-
vacy metrics. Alharithi and Alzahrani (2024) [26] applied
federated LSTM models to simulated non-IID data for
environmental sustainability and waste management,
achieving 85-90% classification accuracy, but did not
evaluate on real-world waste datasets. Similarly, Nooh
(2025) [27] proposed an loT-based FL approach with
edge computing for low-carbon environmental moni-
toring, achieving up to 92% accuracy and 20-30% en-
ergy reduction, though its focus on monitoring limits
direct applicability to waste sorting.

Compared to prior work, our study stands out by sys-
tematically comparing FL and DL under varying non-
IID conditions, using a diverse set of CNN architectures.
Unlike studies conducted by Yang et al. [2] and Ozkaya
et al. [11], which achieved high accuracy but relied on
centralised data, our FL framework ensures data priva-
cy while maintaining competitive performance. Addi-
tionally, we address the limitations of earlier FL studies
[15], [18] by evaluating extreme non-IID scenarios (e.g.,
a = 0.01, s = 2), providing deeper insights into model
robustness and practical deployment.

Table 1. Related works

Reference Dataset Method Accuracy
Yang et al. TrashNet SVM 63%
Satvilkar et al. TrashNet Random Forest 62.61%
Satvilkar et al. TrashNet XGBoost 70.1%
Costa et al. TrashNet KNN 88.0%
Rabano et al. TrashNet MobileNet 87.2%
Ruiz et al. TrashNet Inception-ResNet 88.6%

Adedeji et al. TrashNet ResNet-50 + SVM 87%
DenseNet121/ o o
Aral et al. TrashNet InceptionResNetV2 95% / 94%
Ozkaya et al TrashNet GoogleNet + SVM 97.86%
Mittal et al. GINI GarbNet 87.69%
Huawei Cloud o
J.Yang et al. Dataset GarbageNet 96.96%
. GNet (Improved o
Fuetal. Not specified MobileNetV3) 92.62%
McMahan et al. Dlstrll?uted FedAvg =
devices
Google
Hard et al. Keyboard FedAvg -
Ahmad et al. Customer Efficient CNN 92.5%
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3. METHODOLOGY

3.1. FRAMEWORK

Our proposed FL framework, illustrated in Fig. 1T and
Algorithm 1, enables decentralised waste classification
while preserving data privacy. The dataset is prepro-
cessed and distributed across multiple clients, each of
which trains a local model (e.g., ResNet-18, GooglLeNet)
on its unique data subset. Local model parameters are
sent to a central server, which aggregates them us-
ing the Federated Averaging (FedAvg) algorithm. Al-
gorithm 1 Federated Learning Framework for Waste
Classification. The aggregated global model is then
compared to centralised DL models to evaluate perfor-
mance under varying data distributions.

[ Dataset preprocessing ]
|

[ Data;etsl ] [ Data;etsz ] [ Data;ets3 ]

~{ ctient1 | [ Clientz ] [ Client3 |
T T T
]
[ Select and Train Backbone Network ]

i [ 1 3

: [ DL_models 1][ DL_models 2 ] [ DL_models 3 ]
i Parameters

i i !

i [ Sever AvgFL ]

Parameters Parameters
T T

[ Evaluation DL and FL ]

Fig. 1. Federated Learning Framework for
Waste Classification (The framework distributes
datasets across clients, who train local models
independently.) The central server aggregates
model parameters using FedAvg and redistributes
the global model for iterative updates.)

The framework supports three data partitioning
strategies: IID (uniform random sampling), Dirichlet-
based non-IID (controlled by a = 0.1, 0.01), and shard-
ing-based non-IID (controlled by s = 4, 2). These strat-
egies simulate real-world scenarios where client data
varies significantly, ensuring robustness across hetero-
geneous environments.

Algorithm 1: Federated Learning Framework for Waste
Classification

Input: Number of clients K, communication rounds T,
learning rate 1, local epochs E, data partitioning strategy
(IID/Dirichlet/Sharding with a or s), pre-trained models
(ResNet-18, etc.), non-lID parameter (a=0.1/0.01 or s=4/2)
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Output: Global model W_global
Server executes:
Initialise global model W,
foreachroundt=1to T:
Select a subset of clients S, (e.g., 6 out of 10)

for each client k=1 to K in parallel:
// Local training

Receive global model W,

Partition local data D, using strategy
(IID/Dirichlet/Sharding)

for each local epoche=1to E:
Compute loss L on mini batch from D,
Update local model:
w, « Wk-nVL(wk; Dk)
Send local update Aw,=w,-W, to server

end

end
end
Aggregate: W, =W +(1/|S|) X Aw,// FedAvg

return ngaba,

3.2. DATASET PREPROCESSING

This study employed the TrashNet dataset, compiled
by Mindy Yang and Gary Thung from Stanford Univer-
sity [19], comprising 2,400 images (512 x 384 pixels)
across six waste categories: paper, glass, plastic, metal,
cardboard, and trash. Each category contains 400-500
images, except for the "trash" class (~100 images). Im-
ages were captured against a consistent white back-
ground to minimise noise.

Fig. 2. Sample Images from TrashNet Dataset (a)
Paper, (b) Glass, (c) Plastic, (d) Metal. Images are
uniformly captured against a white background for
consistency)
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To comprehensively evaluate the robustness of our
method under varying levels of data heterogeneity,
we adopted three s used data partitioning strategies in
federated learning: random split, label-based sharding,
and Dirichlet distribution-based partitioning.

In the IID setting, the data were randomly shuffled
and evenly distributed across clients to simulate the
same distribution. For the extreme non-IID scenario, we
employed the label-based sharding strategy proposed
by McMahan et al. [15], where the dataset was sorted
by class label and partitioned into small shards accord-
ing to a heterogeneity control parameter s € {4, 2}.
Each client was assigned a fixed number of shards, so
that the client holds data from only a limited subset of
classes. When a is smaller, data across clients becomes
more uneven. Following Lin et al. [14], we control for
heterogeneity by assigning class proportions to each
client using a Dirichlet distribution with a = 0.1 or 0.01.
The lower the g, the more imbalanced the class distri-
bution for each client.

This approach lets us test our method across a spec-
trum—from balanced (IID) to highly skewed (non-IID)
data, which more closely reflects real-world federated

learning conditions.

Prepare_data(args) ]
!
[ Load Dataset ]

Partition
Type?
Non-lID dir __Non

D
Dirichlet Shardin Random
Allocation € J | Distribution
¥

[ Client Data Indexes ]
!

[ Create Dataloader for each Client ]

Fig. 3. Dataset preprocessing

3.3. DATA PARTITIONING

In real-world FL, data is naturally non-1ID due to vari-
ations in waste generation across clients (e.g., house-
holds vs. recycling centres). To simulate this, we imple-
mented two non-IID partitioning methods:

Dirichlet-based (LDA): Controlled by a, where smaller
values (e.g., 0.01) result in highly imbalanced class dis-
tributions.

Sharding-based: Data is sorted by class and split into
shards, with each client receiving s shards (s = 4, 2). s
values increase heterogeneity.
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These settings (@ = 0.1, 0.01; s = 4, 2) were chosen
to test extreme non-lID conditions, extending beyond
typical values (a = 0.3-1.0, s = 10) used in prior work
[14], [19].

3.4. DL MODELS SELECTION

Based on various data partitioning methods, we eval-
uated five deep learning models: ResNet-18, ResNet-50,
GooglLeNet, DenseNet-121, and VGG-19. ResNet vari-
ants use residual connections to mitigate vanishing
gradients, with ResNet-50 offering greater depth than
ResNet-18 [28]. GoogleNet’s Inception modules cap-
ture multi-scale features efficiently while keeping the
model lightweight [29]. DenseNet-121 connects each
layer to all preceding layers, improving feature reuse
and gradient flow [30]. VGG-19 employs a simple yet
deep architecture with small convolutional filters for
effective feature extraction[31].

These models represent diverse architectures and
depths, making them suitable for thorough comparison
in both federated and centralised learning contexts.

3.5. FEDERATED AVERAGING ALGORITHM

We implemented federated learning using the Feder-
ated Averaging (FedAvg) algorithm, a widely adopted
baseline known for its simplicity and effectiveness. Fe-
dAvg builds on Federated Stochastic Gradient Descent
(FedSGD) and trains models across decentralised clients
without sharing raw data. The parameter C represents
the fraction of clients involved in each communication
round; when C = 1, all clients participate, equivalent to
full-batch gradient descent.

Each client calculated the local gradient at the model
state , and the server updated the global model via a
weighted average of local gradients:

_ 1 N Ny
Wipg = We— 1 N 7'.91(. (M
k=1

Alternatively, local updated can be expressed as:

witt = wy =1 gy 2

After local training, the global model was updated by
aggregating the locally updated models:

ng

_ 1 N t+1
Werr = 7 Lk=17, " Wk (3)

w = E - (%) (4)

Here, n is the total number of participating clients. n,
is the number of local data samples at client k. N is the
total number of samples across all clients. g, is the local
gradient computed by client k.ip is the learning rate. B
denotes the local batch size, and E is the number of lo-
cal training epochs.

This design introduced flexibility in balancing com-
munication costs and local computation. When B = o,
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and E = 1, FedAvg simplifies to FedSGD. Given its prov-
en performance in heterogeneous, privacy-preserving
settings, FedAvg served as a foundational method in
our experiments evaluating federated learning for gar-
bage image classification.

3.6. EVALUATION METHODOLOGY FOR
DLANDFL

We used accuracy and loss curves to comprehensive-
ly compare the performance of DL and FL. Loss curves
track how training and validation loss evolve, helping
assess how efficiently and stably a model learns. Ac-
curacy curves reflect changes in classification perfor-
mance across training rounds, enabling evaluation of
the approach that performs better in practice.

FL setup involved 10 client devices (no_models = 10),
with six clients (k = 6) randomly chosen in each round.
Each participating client performed three local training
epochs (local_epochs = 3), and the global model was
updated over 40 communication rounds (global_ep-
ochs = 40). For the more computationally intensive
VGG19 model, we limited training to 20 rounds.

Centralised training used the same experimental
framework but set both no_models and k to 1, simulat-
ing training on a single device, to establish a consistent
basis for comparison. We also varied the number of lo-
cal training epochs (1, 2, and 3) to explore their influ-
ence on overall model performance.

These evaluation protocols provided a structured,
practical comparison of centralised and federated
learning for real-world garbage classification tasks,
informing the design of privacy-aware, high-perfor-
mance waste management systems.

4. EXPERIMENTAL DESIGN

In this section, experiments were conducted to eval-
uate the proposed federated learning framework. The
section outlined the overall experimental design, fol-
lowed by a description of the environmental roles and
settings. The basic process of the experimental work-
flow was described. The central server module was
thoroughly introduced, covering the initialisation of
the global model, the implementation of aggregation
functions, the application of model evaluation metrics,
and the final integration of updated parameters.

4.1. SERVER AND CLIENT ARCHITECTURE
DIAGRAM

The federated learning process, as illustrated in the
figure, was carried out through four distinct phases.
Initially, individual clients transmitted their locally com-
puted encrypted gradients to a central server (Step 1).
Subsequently, the server performed secure aggrega-
tion of the encrypted gradients to ensure data privacy
and prevent leakage of individual updates (Step 2).
After aggregation, the server distributed the refined
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global parameters to each client (Step 3). Subsequent-
ly, clients incorporated these values to enhance their
local models (Step 4). This decentralised training frame-
work preserved data privacy while promoting collec-
tive learning. As shown in Fig. 4.

Sever A

Database B1 Database B2 Database B3

@ Sending encrypted gradients

9 Secure aggregation

0 Sending back model updates
4 Updating models

Fig. 4. Server and Client Architecture Diagram [32]

Experiments were simulated on a single machine
(NVIDIA RTX 3090 GPU, Intel i9 CPU, 64GB RAM) to
emulate real-world distributed systems. Communica-
tion cost is quantified as 40 rounds (20 for VGG-19),
with each round involving parameter exchanges from
6 clients (e.g., ~264 MB total per round for ResNet-18 at
~44 MB per model). Training time per full experiment is
approximately 30-60 minutes on the NVIDIA RTX 3090
GPU, depending on the model. These values highlight
FL's efficiency in privacy-preserving settings compared
to centralised DL.

4.2. BASICPROCESS

The server initialises the global model, distributes it
to clients, and aggregates updates after local training.
If performance criteria are unmet, the process iterates.
Fig. 5 illustrates this workflow.

4.3. CENTRAL SERVER

We conducted experiments with 100 clients across
two non-lID settings (Dirichlet-based with « = 0.1 and
0.01; sharding-based with s = 4 and 2). Each experi-
ment was repeated three times with different random
seeds to ensure reproducibility.

4.4. CLIENT

In the federated learning setup, each client received
the latest global model from the central server. It
trained the model locally using its own distinct dataset.
After training, the client sent the updated parameters
back to the server.

360

Step B: )
Server Model Initial

Client Partitions dataset (horizontal,
no overlap)

/DR
T

]
Server Sends Global Model To Clients

!
Client trains locally
Computes parameter variances
Sends the update status to the server )

e
. J

(-
J

)

Sever aggregates updates ]
Evaluate model performance

Performance
acceptable? No

ea (Repeat from Step B |

Fig. 5. FL Workflow (The server initialises the model,
clients train locally, and the server aggregates
updates iteratively)

4.5. DATA PARTITIONING EXPERIMENT

Two non-independent and non-identically distrib-
uted (non-1ID) data settings were applied across all ex-
periments. Experiments were conducted using 100 cli-
ents under the FedAvg algorithm across various deep
learning models. A consistent data partitioning strat-
egy was employed for all experimental settings. Each
experiment was repeated 3 times, and the mean and
standard deviation of the top 1 classification accuracy
were recorded.

The experimental configuration was as follows: In
the federated training scenario, 10 client devices were
defined (no_models = 10), with 6 clients randomly
selected for each communication round (k = 6). Each
selected client performed three local training epochs
(local_epochs = 3), and the total number of global com-
munication rounds was set to 40, except for the VGG19
model, which used 20 rounds due to its larger size and
slower convergence.

For centralised training, the federated learning con-
figuration should be adjusted by setting the total num-
ber of client devices (no_models) to 1 and the number
of devices participating in training (k) to 1, so that only
one device participates in the federated training, which
is equivalent to centralised training.

To examine the impact of different local training ep-
ochs, comparative experiments were conducted with
local iterations set to 1, 2, and 3. Furthermore, to evalu-
ate the effect of data heterogeneity, experiments were
conducted using two non-independent, non-identical-
ly distributed (non-lID) partitioning strategies. Specifi-
cally, the Dirichlet distribution parameter (a) was set to
0.1 and 0.01, and the number of data shards per client
was set to 4 and 2, respectively.
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5. RESULTS

Table 2 presents the top-1 classification accuracy (%)
for five models under two non-IID settings (Dirichlet-
based, sharding-based), averaged over three trials,
with standard deviations. Fig. 6 visualises data parti-
tioning across clients.
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Fig. 6. Data Partitioning Visualisation (Caption: (a)
Dirichlet-based, a = 0.1, (b) Dirichlet-based, a = 0.05,
(c) Sharding-based, k = 2, (d) Sharding-based, k = 4)

class0  classl  class2

Table 2. Top 1 Classification Accuracy (%) under
non-IID Settings (Caption: Accuracy of models
under Dirichlet-based (a = 0.1, 0.01) and sharding-
based (s = 4, 2) settings)

) DL FL
Model Setting
2 3
a=0.1 52.20 61.00 62.10 58.64
a=0.05 48.87 57.55 58.64 55.92
DenseNet121
s=4 56.56 65.87 66.32 62.66
s=2 47.35 56.57 57.75 53.93
a=0.1 66.97 75.25 76.38 72.63
a=0.05 62.50 71.69 72.58 69.17
GoogleNet
s=4 70.65 79.55 80.45 77.09
s=2 65.16 70.65 71.67 68.15
a=0.1 58.34 67.62 68.36 65.61
a=0.05 54.50 63.57 64.75 63.72
ResNet18
s=4 62.00 71.00 72.00 68.73
s=2 51.78 60.60 61.85 57.81
a=0.1 56.66 65.56 66.81 62.80
a=0.05 53.65 62.78 63.85 59.48
ResNet50
s=4 59.62 68.50 69.50 66.23
s=2 50.10 59.50 60.20 56.26
a=0.1 64.23 73.32 74.53 70.80
a=0.05 60.10 69.09 70.35 67.60
VGGNet19
s=4 68.58 77.56 78.62 74.50
s=2 59.55 68.42 69.63 65.50

GooglLeNet achieved the highest accuracy (80.45%
in sharding-based, s = 4, FL with 3 local epochs), out-
performing centralised DL (70.65%) by 9.8%. VGG-19
followed closely (78.62%), while ResNet-18, ResNet-50,
and DenseNet-121 lagged, with an accuracy rate be-
low 70% in extreme non-IID settings (@ = 0.01, s = 2).
Increasing the number of local epochs from 1 to 3 sig-
nificantly improved FL performance (e.g., GooglLeNet:
70.65% to 77.09% at s = 4). These results align with the
communication and training efficiencies discussed in
Section 4.1, demonstrating FL's practical advantages in
resource-constrained environments.
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Figs.7-11showstheaccuracy curvesforDenseNet-121,
GooglLeNet, ResNet-18, ResNet-50, and VGG-19 across
communication rounds.
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The same setting is used for Figs. 8-11.)
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In our comparison of Federated Learning (FL) and
centralised Deep Learning (DL) for non-lID waste im-
age classification, GooglLeNet consistently showed
the most robust performance, achieving 70-80% ac-
curacy in challenging non-lID settings (e.g., s-values
>4, a=0.1), outperforming VGG-19, ResNet-18/50, and
DenseNet-121. Performance improved with more local
epochs (e.g., GooglLeNet from 70.65% to 77.09% at s=4
with local_epochs=3), and optimal hyperparameters for
FL were generally s=4 and local_epochs=3.

GooglLeNet's superiority is attributed to its Incep-
tion modules, which capture multi-scale features, while
VGG-19 also performed well due to its deep architec-
ture. ResNet variants struggled under pathological
non-lID conditions, and DenseNet-121 was prone to
overfitting on the small, imbalanced dataset. Limita-
tions include the modest dataset size (2,400 images)
and the simulated environment. The results highlight
the importance of model selection and hyperparam-
eter tuning for heterogeneous waste classification and
suggest that adaptive FL strategies could further im-
prove performance under extreme non-IID conditions
while preserving privacy.

Upon deeper analysis, GooglLeNet's multi-branch
structure reduces non-lID divergence by 3-4% com-
pared to sequential models such as VGG-19, enabling
better generalisation in waste scenarios with varying
client data (e.g., household vs. industrial). ResNet vari-
ants mitigate gradient vanishing but struggle with
pathological non-IID conditions (s=2), resulting in a
6-8% drop in accuracy, highlighting the need for re-
sidual adaptations.

Although DenseNet-121 underperformed here, its
strengths in other domains suggest opportunities for
architecture-specific optimisations, offering practi-
cal guidance for model selection and hyperparameter
tuning in heterogeneous waste management systems.
Future efforts should focus on adaptive FL strategies to
bolster performance under extreme non-IID conditions
while upholding privacy.

6. CONCLUSION

This study demonstrates that federated learning (FL)
is a viable, privacy-preserving solution for waste im-
age classification, especially under challenging non-IID
conditions. GooglLeNet was the most robust model,
achieving up to 80.45% accuracy in FL settings, out-
performing centralised deep learning (DL) by up to
5%. However, the study's limitations include a small
dataset (2,400 images) and a simulated environment
that doesn't account for real-world network variability.
Future work can focus on integrating larger, more di-
verse datasets and testing deployments in real-world
scenarios with real network communication. Cross-
institutional FL protocols could further enhance col-
laborative waste management in smart cities, ensuring
privacy and scalability.
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