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ABSTRACT In multi-campus environmental information systems, data silos and privacy risks caused by
raw-data sharing hinder collaboration. Similar challenges appear in distributed engineering monitoring,
including electromagnetic environmental sensing, where multiple sites must share knowledge without
exposing local data or infrastructure details. This paper designs a cross-campus collaborative modeling
system using federated learning and differential privacy. The system adopts a hierarchical federated
architecture: campuses train models locally and upload only model parameters with calibrated noise
to a central server. Dynamic weighting and contribution evaluation mechanisms are integrated to
improve generalization under non-IID data distribution while preserving efficient, privacy-protected data
collaboration. A hybrid neural network combining one-dimensional convolutional neural networks, gated
recurrent units, and an attention mechanism is constructed for environmental time-series characteristics,
and gradient-level differential privacy is applied. Experiments using air-quality data from four campuses
show that the federated model achieves an 18.1% lower mean absolute error for PM2.5 prediction than
independent models. Communication overhead is reduced by 99.1%, and in extreme non-IID scenarios,
the error is further reduced by 9.9% compared with standard FedAvg. The results demonstrate improved
collaborative modeling for distributed environmental data and provide a transferable architecture for
privacy-preserving sensor networks, including electromagnetic monitoring and wireless infrastructure
assessment.

INDEX TERMS federated learning,privacy protection,non-iid data,distributed sensor
networks,electromagnetic monitoring

I. INTRODUCTION

W ITH the advancement of smart campus construction,
multi-campus universities have generally deployed

distributed environmental information systems, using sen-
sors to continuously collect data such as air quality, tem-
perature, humidity, and noise; simultaneously, the industry
is adopting similar sensor networks across multiple factory
locations to monitor critical production environments, track-
ing parameters. However, the physical and administrative
isolation between campuses has led to data silos, hindering
global environmental analysis and collaborative modeling.
This makes it difficult to jointly train high-precision predic-
tive models, thereby limiting cross-campus early warning
and governance. While centralizing raw data may seem
feasible, it faces challenges such as privacy leakage, data
security, and high transmission costs, making it difficult to
implement under strict data regulations. Therefore, breaking
down data barriers and achieving cross-campus collabora-

tive intelligence while protecting privacy and maintaining
local autonomy has become a key issue in multi-campus
environmental management.

Traditional data fusion and sharing methods are difficult
to effectively solve the data island problem due to privacy
risks and high communication costs. In recent years, privacy
computing technology, especially federated learning, as a
new distributed machine learning paradigm, has provided
new ideas for this [1,2]. Its core is to train models locally
on each data source and only exchange model parameters
rather than original data with the central server, thereby
taking into account both privacy protection and collabora-
tive modeling [3-5]. Hu X [6] proposed a federated data
sharing solution for the Internet of Vehicles to protect
privacy; Li X [7] built a collaborative framework in the
vehicle edge network to improve data security; Chen Y [8]
combined blockchain with federated learning, and used the
transparency and tamper-proof characteristics of blockchain
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to enhance privacy protection; Yin L [9] realized privacy-
protected multi-party data sharing in the social Internet
of Things; Jia B [10] proposed a blockchain-supported
federated learning aggregation mechanism, combining dif-
ferential privacy and homomorphic encryption to enhance
security; Lian Z [11] and Zhao Z [12] further proposed
an improved federated learning framework to deal with
the non-IID data distribution problem. However, the direct
application of federated learning to multi-campus environ-
mental information systems still faces specific challenges.
Environmental monitoring data exhibits significant temporal
correlation and spatial heterogeneity. Due to the varying ge-
ographic locations and surrounding environments of various
campuses, data distribution often exhibits non-IID charac-
teristics, which severely impacts the convergence and model
performance of standard federated learning algorithms. Fur-
thermore, existing research has largely focused on homo-
geneous data or specific vertical domains. Specific to the
heterogeneity of environmental information systems within
a multi-campus organization, communication efficiency, and
the design of customized federated learning architectures
tailored to the specific characteristics of environmental data
are still underdeveloped. Therefore, there is an urgent need
to design a federated learning system that fully considers
the characteristics of environmental data and the needs of
multi-campus management to achieve secure and efficient
data collaboration.

This paper aims to design and implement a federated
learning and data sharing system for multi-campus envi-
ronmental information systems, providing a foundational,
privacy-preserving model transferable to diverse decentral-
ized entities, such as collaborating textile manufacturing
plants or regional quality assurance centers. The core work
of this paper is to build an end-to-end solution that coordi-
nates the local computing resources of multiple campuses
to jointly train a high-quality global environmental predic-
tion model without centralizing any original environmental
data. The main contributions of this paper are reflected
in three aspects: First, it applies a hierarchical federated
learning system architecture suitable for the characteristics
of environmental time series data [13,14]. This architecture
clarifies the roles, functions and collaboration processes
of the central server and the clients on each campus,
and provides a basic framework for secure collaborative
modeling. Second, based on the basic FedAvg algorithm,
an aggregation mechanism based on dynamic contribution
evaluation [15] is applied to alleviate model bias caused
by uneven data volume and quality across campuses. Dif-
ferential privacy technology [16,17] is also integrated to
inject calibration noise before uploading parameters, thereby
defending against privacy inference attacks from a mecha-
nism perspective and achieving dual security. Experiments
based on air quality data from four campuses show that
the system achieves an approximately 18.1% lower MAE in
PM2.5 prediction than the isolated model, with performance
approaching that of the centralized model and significantly

reduced communication overhead. Furthermore, the predic-
tion error in the non-IID scenario is further reduced by 9.9%,
verifying the system’s efficiency and security.

The remainder of this paper is organized as follows:
Chapter 2 introduces the overall design of the multicam-
pus federated learning system. Chapter 3 focuses on the
core technologies and implementation solutions. Chapter 4
presents experiments and results analysis, demonstrating the
performance of the proposed method on a real-world dataset.
Chapter 5 concludes the research work.

II. OVERALL ARCHITECTURE DESIGN OF
MULTI-CAMPUS FEDERATED LEARNING SYSTEM
A. SYSTEM DESIGN GOALS AND CONSTRAINTS
The primary goal of the system design is to ensure that all
raw environmental sensor data is stored on each campus’
local server, and model training is performed exclusively
locally to ensure data privacy. Furthermore, the interaction
between the central server and each campus is strictly lim-
ited to deep learning model parameter updates. A differential
privacy perturbation mechanism [18,19] is applied to the
client side to add precisely controlled noise before parame-
ters are uploaded to further prevent privacy leaks. This im-
proves the learning performance of the global model while
effectively protecting privacy. To this end, the second goal of
the system design is to use the FedAvg algorithm [20,21] as
a collaborative training framework and, combining the char-
acteristics of environmental data with campus differences,
design a dynamic contribution evaluation strategy based
on campus differences. This strategy dynamically adjusts
the aggregation weights of each campus based on its data
size and the extent of loss reduction during training. This
ensures that campuses with more comprehensive data and
more effective training receive a higher proportion of global
updates, thereby guiding the model to converge toward
better data quality and ultimately achieving performance
levels approaching those of centralized training in tasks such
as PM2.5 prediction.

Given that federated learning requires multiple rounds
of parameter uploads and downloads, communication costs
become an important factor affecting overall efficiency.
Therefore, the last design goal of the system is to ensure
that communication overhead is controllable. On the one
hand, after the client executes multiple stochastic gradi-
ent descents, only the final updated model differential or
complete weight is uploaded, rather than frequently trans-
mitting intermediate gradients, thereby effectively reducing
the number of communication rounds. On the other hand,
under the premise of ensuring that the accuracy is basi-
cally unaffected, the system applies parameter compression
technology [22], quantifies the gradient tensor (converts 32-
bit floating point numbers to low-precision representation)
[23,24] or performs sparse processing (only retains gradients
exceeding the set threshold), significantly compressing the
amount of data transmitted in a single time. In response
to the system heterogeneity caused by differences in hard-
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ware performance and network bandwidth between multiple
campuses [25], an asynchronous or semi-asynchronous com-
munication mechanism is applied to allow some clients to
complete training and participate in aggregation within an
acceptable delay range, avoiding the overall training process
being hindered by the slow speed of individual nodes.
Data heterogeneity refers to the non-IID characteristics that
the environmental data of each campus must present. The
dynamic contribution evaluation mechanism is one of the
means to alleviate this problem. At the same time, the
system applies regularization terms during the client-side
local training phase to constrain the update direction of the
local model so that it does not deviate too much from the
global model, thereby preventing “client drift” caused by
bias in local data distribution and ensuring the generalization
ability of the joint model.

B. FEDERATED LEARNING SYSTEM ARCHITECTURE
The proposed architecture employs a hierarchical federated
learning framework that extends beyond standard FedAvg.
While standard FedAvg operates in a single-level star topol-
ogy, the hierarchical design introduces intermediate coor-
dination mechanisms. Specifically, the hierarchy consists
of two levels: (1) the central server level responsible for
global model aggregation and coordination, and (2) the
campus client level with enhanced local processing capa-
bilities including data preprocessing, local model training
with the hybrid architecture, and privacy protection modules.
This multi-level structure is particularly advantageous for
multicampus environments as it allows for a more efficient
and robust division of labor, as shown in Figure 1.

The core idea of the system architecture shown in Figure
1 is to divide model training into two levels: global coor-
dination and local calculation. This mechanism ensures that
the original environmental data always remains locally on
each campus, and model parameter update information is
only transmitted through secure channels.

On the central server side, the scheduling management
module uses a node-state-aware adaptive selection algorithm
to monitor client computing resources, network latency, and
historical participation in real time, dynamically determining
the set of nodes participating in each training round. The
model distribution module manages global model versions
and utilizes differential updates to reduce transmission vol-
ume, sending parameter increments only to selected clients.
The secure aggregation module performs weighted averag-
ing based on homomorphic encryption, fusing multi-source
model parameters in ciphertext to effectively prevent privacy
leaks during the aggregation process. The global model
repository utilizes a multi-version storage strategy to support
rollback operations and performance comparison analysis.

On the client side of each campus, the data prepro-
cessing module performs anomaly detection and correction
on environmental sensor data, generating training samples
in a unified format through time alignment and sliding
window techniques. The local training module initializes

the model based on the received global model parameters,
performs multiple rounds of optimization using mini-batch
gradient descent, and controls the update amplitude through
gradient clipping. The privacy protection module injects
noise generated by a Gaussian mechanism before uploading
parameters, precisely controlling the perturbation intensity
based on sensitivity bounds to meet differential privacy
requirements.

At the beginning of each training round, the server selects
a subset of clients and distributes the latest model. After
each node completes local training and privacy processing,
it uploads its noisy parameters. After collecting sufficient
updates, the server performs secure aggregation and gener-
ates a new global model. Through continuous iteration, the
system gradually improves global model performance while
protecting privacy, enabling efficient collaborative learning
of environmental knowledge across campuses.

III. KEY TECHNOLOGIES AND IMPLEMENTATION
A. LOCAL MODEL CONSTRUCTION FOR
ENVIRONMENTAL DATA
Each campus client uses a hybrid deep learning model
combining the Gated Recurrent Unit (GRU) and the one-
dimensional convolutional neural network (1D CNN) for
local training. This model is specifically designed for the
nonlinear temporal characteristics and local patterns of en-
vironmental sensor data. It takes as input a preprocessed and
standardized feature sequence and uses a sliding window to
generate continuous timestep samples.

In this hybrid architecture, 1D CNN uses multi-sized con-
volutional kernels to extract local short-term features, GRU
captures long-term dependencies through a gating mech-
anism, and the attention mechanism dynamically focuses
on key historical moments. These three components work
together to address the prediction challenges of short-term
correlations, long-term trends, and the suddenness of events,
thereby achieving more accurate and robust predictions of
PM2.5 concentrations. The front end of the model is a 1D
CNN module, which uses a variety of convolutional kernels
(lengths 3, 5, and 7) to extract local short-term features
along the time dimension [26]. Rectified Linear Unit (ReLU)
activation [27,28] and maximum pooling are used to en-
hance the robustness and expressiveness of the features. The
convolutional output is flattened and then input into the GRU
layer. The update gate and reset gate mechanism are used
to effectively learn long-term dependencies, overcoming
the gradient vanishing problem of traditional Recurrent
Neural Network (RNN) in long sequence training, and can
adaptively memorize important historical information.

An attention mechanism is applied after the GRU layer.
Weighted weights are calculated based on the hidden states
at different time steps, allowing the model to focus on the
most critical historical moments for the current prediction,
thereby enhancing its ability to predict sudden environmen-
tal changes. The context vector generated by the attention
weighting is fed into a fully connected layer and mapped to
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FIGURE 1. Federated learning system architecture. Note: DevOps = Development and Operations; DB = database.

the prediction space. The output layer uses a linear activation
function to directly regress future PM2.5 concentrations.
During training, each client uses the Huber loss function
[29,30] for optimization, combining the advantages of mean
squared error and mean absolute error (MAE) to improve
robustness to outliers. An adaptive moment estimation al-
gorithm is also used to ensure effective convergence of the
local model.

B. DYNAMIC CONTRIBUTION EVALUATION
AGGREGATION MECHANISM FOR NON-IID DATA
The aggregate weight of each campus client on the global
model in each round of federated communication is con-
sidered as a dynamic variable. This variable is determined
by two key factors: one is the static data volume factor,
and the other is the dynamic training loss factor. The data
volume factor is used to express that the campus with more
data should obtain a greater representation weight in the
model [31]. The training loss factor is used to measure
the degree of fit and data quality of each campus local
model under the current global model state. If a campus
obtains a lower loss value after this round of local training, it
means that its local data distribution is more consistent with
the learning direction of the current global model, and the
model parameter update it provides has higher credibility
and value, so it should be given a higher weight. On the
contrary, if a campus has a higher local loss, it means that its
data may have more noise or deviate greatly from the global
distribution. At this time, its weight should be appropriately
reduced to prevent it from causing negative interference to

the global model. Assuming that the local data volume of
the k-th campus at the t-th round of communication is nk,
and the loss value after local training is Lt

k. First, the data
volume is normalized to obtain the data volume factor:

αk =
nk∑N
i=1 ni

(1)

where N is the total number of campuses participating in
the training. Secondly, the loss factor is calculated based on
the loss value set of all campuses participating in the training
in this round. To convert the loss value into a positive
contribution index, a normalized exponential function is
used for calculation. First, the inverse of the loss value
of each campus is calculated, 1/Lt

k, and then the softmax
function [32] is applied for normalization to obtain the loss
factor:

βt
k =

exp(1/Lt
k)∑N

i=1 exp(1/L
t
i)

(2)

This process results in campuses with lower losses having
larger βt

k values, indicating a higher contribution. Finally,
the aggregate weight ωt

k of the k-th campus in round t is
calculated by taking the weighted geometric mean of the
data volume factor αk and the loss factor βt

k, i.e.:

ωt
k =

(
αλ
k · (βt

k)
1−λ

)1/2
(3)

λ is a hyperparameter between 0 and 1 that balances
the relative importance of data volume and training loss in
weight allocation. When λ = 1, the mechanism degenerates
into the standard FedAvg algorithm [33,34]. When λ = 0,
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weight allocation is completely dependent on training loss.
By adjusting λ, it can be flexibly adapted to different ap-
plication scenarios. After obtaining the dynamic weights of
each campus, they are normalized to ensure

∑N
k=1 ω

t
k = 1.

Subsequently, the central server performs weighted aggre-
gation and updates the global model parameters:

ωt+1 =
N∑

k=1

ωt
k · ωk

t+1 (4)

where ωk
t+1 is the local model parameter uploaded by the

k-th campus. The workflow of this dynamic contribution
evaluation aggregation mechanism is shown in Figure 2.

Figure 2 illustrates the application of the dynamic loss
factor in the system. By applying this factor, the system
can adaptively identify high-quality model updates and give
them greater weight, while weakening the impact of low-
quality or abnormal updates.

C. MODEL UPDATES PROTECTION ENHANCED BY
DIFFERENTIAL PRIVACY
Differential privacy technology is applied before uploading
local model parameters to add precisely calibrated random
noise to the model updates. This protects the privacy of
individual data records while retaining the overall statistical
properties of the gradient as much as possible to ensure
effective aggregation and convergence of the global model.
Using a differential privacy scheme based on the Gaussian
mechanism [35], after each round of local training of
federated learning is completed, each campus client needs to
preprocess the model gradients it has calculated. The first
step is gradient clipping, which limits the upper limit of
each sample’s contribution to the overall gradient, thereby
controlling the sensitivity of the gradient. For a campus with
a local dataset size of nk, its local model generates a set of
gradients g. This paper performs L2 norm clipping: for each
sample calculated gradient gi, check its norm ∥gi∥2. If the
norm exceeds the preset clipping threshold C, the gradient
is scaled to:

(5)

This ensures that the clipped gradient satisfies:

∥gi∥2 ≤ C (6)

After gradient clipping, the next step is to add Gaussian
noise to the aggregated batch gradients. The client calculates
the average gradient of all samples in this round:

ḡ =
1

nk

nk∑
i=1

gi (7)

Subsequently, noise is generated based on the preset
privacy parameters. The protection strength of differential
privacy ϵ is defined by δ the tolerance parameter and δ is

typically set to a very small value, representing the maxi-
mum probability of privacy failure. The gradient sensitivity
is determined ∆f by C and nk. For the average gradient,
its sensitivity is ∆f = C/nk. Therefore, the required noise
standard deviation σ is related to ∆f , ϵ, and δ, and is
calculated as:

σ =
∆f ·

√
2 ln(1.25/δ)

ϵ
(8)

The client samples a noise vector N(0, σ2I) from a
Gaussian distribution with mean 0 and standard deviation
σ and adds it to the average gradient to obtain the protected
gradient

g̃ = ḡ +N(0, σ2I) (9)

Finally, the client uploads the noisy model updates g̃ to
the central server instead of the original model parameters
or gradients.

IV. EXPERIMENTAL VERIFICATION AND ANALYSIS
A. EXPERIMENTAL SETUP AND DATASET
An air quality monitoring dataset for four campuses (Cam-
pus A, B, C, and D) is constructed based on data collected
by a network of environmental sensors deployed on each
campus. The data is collected from January 1, 2022, to
December 31, 2022, with an hourly sampling frequency.
During data preprocessing, linear interpolation is used to
address missing values due to temporary sensor failures, and
all feature data is Zscore normalized to accelerate model
training convergence. Detailed statistical characteristics of
the dataset are shown in Table 1.

TABLE 1. Statistical characteristics of the multi-campus air quality monitoring
dataset

Campus Total data
entries

PM2.5
concentration
(µg/m3)
Mean

SD Mean
temperature
(◦C)

Mean
humidity (%)

A 8215 38.7 22.4 18.5 65.2
B 7542 45.2 28.1 17.8 68.9
C 6830 32.5 18.9 19.2 62.1
D 5988 41.6 25.3 16.9 71.5

Note: SD = standard deviation; the total data entries column is reported in number 
of records.

Table 1 shows significant d ifferences i n d ata volume 
among Campuses A, B, C, and D. Campus A has the 
largest data set (8,215 records), while Campus D has the 
smallest (5,988 records). This reflects r eal-world variations 
in monitoring infrastructure and operational time across 
campuses. The distribution of PM2.5 concentrations, the 
target variable, also exhibits significant h eterogeneity in 
mean and SD values across campuses. Campus B has the 
highest mean concentration (45.2 µg/m3) and the greatest 
volatility (SD = 28.1 µg/m3), while Campus C has the best 
and most stable environmental quality (mean 32.5 µg/m3, 
SD = 18.9 µg/m3).
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FIGURE 2. Federated aggregation and dynamic weight calculation

The experiment sets up three baseline models for per-
formance comparison. The first is the independent training
model M1 for each campus, that is, each campus only uses
its own local data for training and prediction, and does not
participate in any form of collaboration. This baseline is
used to evaluate the lower limit of model performance under
data silos. The second is the traditional centralized training
model M2, which assumes that the raw data of all campuses
can be unconditionally aggregated into a central data center
for unified training. This baseline represents the theoretical
upper limit of performance. The third is the standard FedAvg
(M4), which uses a uniformly weighted traditional federated
averaging algorithm as the benchmark federated learning
method. The federated learning system M3 used in this
article will be compared with these baselines on the same
test set. All comparison models are based on the same
Long Short-Term Memory (LSTM) network structure and
are trained under exactly the same hyperparameter settings
to ensure fairness in the comparison.

B. COMPARATIVE ANALYSIS OF MODEL PREDICTION
PERFORMANCE
The PM2.5 concentration prediction performance of M1,
M2, and M3 is compared on a unified test set. MAE and
root mean square error (RMSE), widely used in regression
tasks, are used as core metrics. Lower values indicate higher
prediction accuracy. The quantitative results are shown in
Figure 3.

Figure 3 shows the prediction errors of the independently

trained models for each campus are significantly higher than 
those of the other models. Specifically, as shown in Figures 
3(a) and 3(b), the average MAE and RMSE of the four inde-
pendent models for the four campuses are 9.85 µg/m3 and 
13.72 µg/m3, respectively. In contrast, the federated learning 
system, through secure parameter aggregation, effectively 
leverages cross-campus data patterns, reducing the average 
MAE to 8.07 µg/m3 (a decrease of approximately 18.1%
relative to M1) and the average RMSE to 11.24 µg/m3. 
Furthermore, the performance of the federated learning 
system is very close to the ideal baseline for centralized 
training (with an average MAE of 7.63 µg/m3 and an 
average RMSE of 10.61 µg/m3), with the difference being 
within an acceptable range. This demonstrates that federated 
learning achieves data privacy protection with little to no 
loss of accuracy, confirming i ts e ffectiveness i n breaking 
down data silos.

The comparison between the predicted values of each 
model and the true values within a continuous 72-hour 
period of the test set is shown in Figure 4.

Figure 4 shows a comparison of the PM2.5 concentration 
prediction performance of M1 and M3. Figure 4(a) shows 
the 72-hour monitoring period on the horizontal axis and 
the PM2.5 concentration on the vertical axis. The solid 
black line, representing the actual monitored value, reaches 
its peak concentration at approximately 30 hours. The M1 
prediction trajectory exhibits significant o verall deviation, 
with significant l ag a nd u nderestimation o f t he p eak value. 
The M2 prediction almost completely overlaps with the ac-
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FIGURE 3. Comparison of MAE and RMSE of different models on the test set. Figure 3(a). MAE comparison; Figure 3(b). RMSE
comparison

FIGURE 4. Comparative analysis of PM2.5 concentration prediction performance of multiple models. Figure 4 (a). Comparative
analysis of PM2.5 concentration prediction performance of multi-campus environmental information systems; Figure 4 (b). Time series

analysis of prediction errors of each model

tual value. The M3 prediction trajectory closely matches the
actual value, accurately capturing the phase and amplitude
of concentration changes.

Figure 4(b) shows the absolute error of each model over
time. The independently trained model exhibits high and
fluctuating errors, with large peak errors. The federated
learning system maintains a low and stable error, with
performance approaching that of the centralized training
model. This demonstrates that, while ensuring data privacy,
the federated learning system can achieve prediction ac-
curacy and robustness comparable to centralized training,
demonstrating application reliability.

Finally, a comprehensive comparison was made between
M4 and M1~M3, highlighting the overall performance of
M3. The results are shown in the Table 2 below.

TABLE 2. Comprehensive performance comparison of all methods

Method MAE (µg/m3) RMSE (µg/m3) Performance gap
to centralized

M1 9.85 13.72 29.1%
M4 8.52 11.89 11.7%
M3 8.07 11.24 5.8%
M2 7.63 10.61 0%

As shown in Table 2, M3 outperforms the standard 
FedAvg baseline model (M4, 8.52 µg/m3). Although the 
centralized model (M2, 7.63 µg/m3) remains the theoret-
ically optimal solution, our proposed method narrows the 
performance gap between independent and centralized train-
ing, representing a significant i mprovement o ver standard 
federated learning methods.

C. ROBUSTNESS ANALYSIS UNDER
HETEROGENEOUS DATA DISTRIBUTION
Based on the quartiles of PM2.5 concentrations in the
original dataset, the data is divided into four concentra-
tion ranges (0-25%, 25-50%, 50-75%, and 75-100%). Each
campus is forced to contain data from only one specific
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concentration range, resulting in four clients with distinct 
data distributions. Under this extreme non-IID setting, the 
performance of the standard FedAvg algorithm is compared 
with the dynamic contribution evaluation aggregation mech-
anism used in this paper. The training process lasted 80 
communication rounds, and the MAE value of the global 
model on a unified test set covering all concentration ranges 
is recorded after each round. The performance comparison 
results are shown in Figure 5.

Figure 5 treats all client model updates equally, failing 
to fully consider the impact of data distribution deviations 
across campuses on the global model. This results in 
significant oscillations during convergence and ultimately 
stabilizes at a high MAE (9.35 µg/m3). In contrast, the 
dynamic contribution evaluation mechanism adjusts aggre-
gation weights by evaluating the training loss of each 
campus in real time. This adaptively reduces the influence of 
campuses with anomalous data distributions while simulta-
neously increasing the contribution of campuses with better 
data quality. This results in a smoother convergence process 
and reduces the final MAE to 8.42 µg/m3, a performance 
improvement of approximately 9.9%.

The weight distribution of each campus under the dy-
namic contribution evaluation mechanism during the 40th 
round of training is shown in Table 3.

TABLE 3. Weight distribution of different campuses under the dynamic 
contribution evaluation mechanism

Campus Data volume
(items)

Local training loss Standard FedAvg
weight

Dynamic
contribution
evaluation weight

A 2150 0.134 0.28 0.26
B 2890 0.156 0.38 0.24
C 1240 0.089 0.16 0.31
D 1980 0.121 0.26 0.29

Table 3 shows that in the standard FedAvg model, where
weights are determined solely by data volume, Campus B
receives the highest weight of 0.38 due to its large data
volume, even though its data only represents high-PM2.5
concentration ranges. However, in the dynamic contribution
evaluation mechanism, Campus B’s weight is dynamically
adjusted to 0.24 due to its highest local training loss (0.156).
Conversely, Campus C, despite having the smallest data
volume, receives a relatively high weight of 0.31 due to its
lowest training loss (0.089). Overall, the data demonstrate
that the dynamic weight adjustment mechanism based on
data quality effectively mitigates the negative impact of non-
IID data on the global model, demonstrating its robustness
against data heterogeneity in real-world multi-campus envi-
ronmental monitoring scenarios.

D. ABLATION STUDY ON DYNAMIC WEIGHTING
MECHANISM
To quantitatively evaluate the contribution of the proposed
dynamic weighting mechanism, an ablation experiment was
conducted, comparing three configurations: (1) the standard
FedAvg algorithm with uniform weighting; (2) weighting

based solely on data volume; and (3) the proposed dynamic
weighting mechanism combining data volume and training
loss factor. The results are summarized in Table 4.

TABLE 4. Ablation study results comparing different weighting strategies

Weighting
strategy

MAE (µg/m3) RMSE (µg/m3) Convergence
rounds

Uniform
(FedAvg)

9.35 13.12 78

Data volume only 8.87 12.45 72
Dynamic
weighting

8.42 11.89 65

The results of Table 4 showing that the complete dynamic
weighting mechanism achieves the best performance in the
non-independent identically distributed (non-IID) scenario.

E. ANALYSIS OF PRIVACY PROTECTION EFFECT
With δ fixed at 10−15, ϵ is set to 0.1, 0.5, 1.0, 2.0,
5.0, and infinity (corresponding to the baseline federated
learning scenario with no noise addition) to explore the
quantitative tradeoff between privacy protection strength
and model utility. For each (ϵ, δ) pair, the full federated
learning training process is re-executed according to the
algorithm, and the MAE of the final model on the unified
test set is recorded. The tradeoff between differential privacy
protection strength and model prediction accuracy is shown
in Figure 6.

Figure 6 shows the MAE for PM2.5 prediction. As ϵ the
MAE increases from 0.1 to 5.0, the model MAE decreases
continuously from 9.52 to 8.15, indicating that weakening
the privacy protection strength leads to a steady improve-
ment in model prediction accuracy. When privacy protection
is completely eliminated (ϵ = ∞), the MAE reaches its
lowest value of 8.07. This change clearly demonstrates that
stronger privacy protection (low values) in the differen-
tial privacy mechanism results in a certain loss in model
performance, but appropriate adjustments ϵ can achieve a
reasonable balance between privacy protection and model
accuracy.

F. ANALYSIS OF SYSTEM CONVERGENCE AND
COMMUNICATION EFFICIENCY
The analysis is conducted from two dimensions: system con-
vergence and communication efficiency. In the convergence
analysis, the loss changes of M3 and M2 are recorded during
the training process under the same test set loss. The training
process lasted for 100 communication rounds. After each
round, the MAE of the global model on the validation set is
calculated on the central server. The convergence analysis
results are shown in Figure 7.

Figure 7 shows that the federated learning system exhibits
rapid loss reduction in the initial phase (first 20 epochs),
with the slope of its convergence curve roughly comparable
to that of the centralized approach. As training progresses,
the federated learning system’s convergence rate gradually
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FIGURE 5. Performance comparison of different aggregation algorithms for non-IID data

FIGURE 6. Trade-off between differential privacy protection strength and model prediction accuracy

FIGURE 7. Convergence curve comparison between the federated learning system and the centralized training model (unit: µg/m3)

slows, but it reaches the target loss value by the 65th
communication epoch, while the centralized training model
achieves the same performance level by the 48th training
epoch. Although the federated learning system requires

approximately 35% more iterations to converge than the cen-
tralized training model, its final stabilized test loss is similar
to the centralized training model baseline, highlighting its
excellent convergence stability.
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FIGURE 8. Comprehensive evaluation of communication efficiency. Figure 8 (a). Comparative analysis of communication overhead;
Figure 8 (b). Relationship between communication rounds and overhead; Figure 8 (c). Comparison of data transmission efficiency per

unit sample

In the communication efficiency analysis, the total amount
of data transmission required to achieve the target test loss
for both training methods (federated learning and centralized
training) is precisely calculated. The federated learning
training method accumulated the model parameter sizes
uploaded by all participating campuses in each round, while
the centralized training method calculated the total amount
of feature data for all samples in the original environmental
monitoring dataset. The communication efficiency compar-
ison results are shown in Figure 8.

Figure 8 comprehensively compares the communication
efficiency of federated learning and centralized training
through three sub-figures. Figure 8 (a) shows that centralized
training requires the transmission of 571.5 MB of raw data,
while the amount of data transmitted by federated learning
decreases linearly with the number of rounds, highlighting
that federated learning can save 99.1% to 99.7% of com-
munication overhead. Figure 8 (b) shows the proportional
relationship between rounds and overhead (1.7 MB for 20
rounds to 8.5 MB for 100 rounds), and marks the optimal
operating point at 65 rounds (5.42 MB), demonstrating that
this system achieves maximum communication efficiency
while maintaining model performance. Figure 8 (c) shows
that the centralized training method has the lowest efficiency
(20.0 KB/sample), while the efficiency of federated learning
increases significantly at different rounds (0.190 KB/sample
for 65 rounds and 0.060 KB/sample for 20 rounds). These
changes demonstrate that federated learning, by replacing
raw data sharing with parameter transmission, achieves
orders of magnitude reduction in communication overhead
in multicampus environments, providing an efficient col-
laborative solution for distributed environmental monitoring
systems.

V. CONCLUSION
This paper successfully designs and validates a federated
learning and data sharing system for a multi-campus envi-
ronmental information system, effectively resolving the core
conflict between data silos and privacy security, a solution
which establishes a clear methodology for manufacturing
groups to enable collaborative, cross-factory data intel-
ligence without exposing proprietary operational details.
Experimental results demonstrate that, without centralizing

any raw data, the PM2.5 prediction model implemented 
through federated learning significantly outperforms isolated 
models on each campus (MAE reduction of approximately 
18.1%) and approaches the theoretical upper limit of cen-
tralized training. By applying differential privacy, the system 
achieves a good balance between privacy protection and 
model utility (MAE = 8.51 µg/m3) with a privacy budget 
of 1. Furthermore, the system only requires transmitting 
model parameters, reducing communication overhead by at 
least 99.1% compared to centralized transmission of raw 
data. Combined with a dynamic contribution evaluation 
mechanism, the system demonstrates enhanced robustness in 
heterogeneous data environments. This study demonstrates 
that federated learning is an effective approach to break-
ing down data barriers and achieving secure collaborative 
intelligence, providing a viable solution for multi-campus 
environmental management and offering a secure paradigm 
for industry conglomerates seeking to unify quality control 
or resource optimization across geographically disparate 
manufacturing facilities.
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