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Abstract— Street Scene Semantic Understanding (denoted as
TriSU) is a crucial but complex task for world-wide distributed
autonomous driving (AD) vehicles (e.g., Tesla). Its inference
model faces poor generalization issue due to inter-city domain-
shift. Hierarchical Federated Learning (HFL) offers a potential
solution for improving TriSU model generalization, but suffers
from slow convergence rate because of vehicles’ surrounding
heterogeneity across cities. Going beyond existing HFL works
that have deficient capabilities in complex tasks, we propose
a rapid-converged heterogeneous HFL framework (FedRC) to
address the inter-city data heterogeneity and accelerate HFL
model convergence rate. In our proposed FedRC framework,
both single RGB image and RGB dataset are modelled as
Gaussian distributions in HFL aggregation weight design. This
approach not only differentiates each RGB sample instead of
typically equalizing them, but also considers both data volume
and statistical properties rather than simply taking data quan-
tity into consideration. Extensive experiments on the TriSU task
using across-city datasets demonstrate that FedRC converges
faster than the state-of-the-art benchmark by 38.7%, 37.5%,
35.5%, and 40.6% in terms of mIoU, mPrecision, mRecall,
and mF1, respectively. Furthermore, qualitative evaluations in
the CARLA simulation environment confirm that the proposed
FedRC framework delivers top-tier performance.

I. INTRODUCTION

Street Scene Semantic Understanding (denoted as TriSU)
is a crucial but complex task for globally distributed au-
tonomous driving (AD) vehicles [1], [2]. Recently, a number
of new approaches [3]–[5] for TriSU have been proposed,
achieving impressive results. However, such TriSU methods
typically face a challenge in generalization, even in relatively
minor domain-shift [6]. This challenge becomes more pro-
nounced when dealing with large inter-city domain-shift.

Hierarchical Federated Learning (HFL) [7]–[9] (a variant
of Federated Learning (FL) [10]–[12]), provides a promising
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framework not only to enhance TriSU model generalization
in inter-city setting but also to improve communication
efficiency. Specifically, in the scenario considered in our
work, we establish an edge server in each city. Within
each city, all participating vehicles communicate their TriSU
models with the edge server. We also set up a global cloud
server that communicates models with all the edge servers.
Our HFL setting on TriSU task is summarized in Fig. 1.

HFL enhances TriSU model generalization by involv-
ing multiple rounds. In each round, HFL performs TriSU
model learning in a two-stage process: (I) multiple edge
aggregations followed by a (I) cloud aggregation. In edge
aggregation stage, TriSU model aggregation at each edge
server occurs through weighted averaging of all connected
vehicles’ models. The weight is typically defined as the
proportion of the vehicle’s dataset size compared to the
edge server’s virtual dataset size. In this stage, the ag-
gregated model converges faster thanks to low data het-
erogeneity within one city, where proportion-based weight
can approximately represent the vehicle’s contribution in
edge aggregation process. However, in cloud aggregation
stage, the model converges slowly or even diverges due to
large heterogeneity of far-away geographically distributed
data from different cities. In this stage, the conventional
proportion-based weight (i.e., the proportion of the edge
server’s virtual dataset size compared to the cloud’s virtual
dataset size) has deficient ability to determine how much
edge’s model contributes in cloud aggregation, because it
equalizes all samples and ignores the statistical distribution
discrepancy among inter-city datasets, slowing down HFL
model convergence. While some works [13] have proposed
new kinds of weight instead of proportion-based weight
fundamentally to accelerate model convergence by mea-
suring data heterogeneity, their approaches have deficient
capabilities to accelerate HFL model convergence in cloud
aggregation stage in inter-city setting on complex TriSU task.
[13] developed a kind of weight based on all vehicles’ his-
tograms, but it suffers from privacy leakage and consuming
already stringent communication resource due to histograms
transfer.

In this paper, we propose FedRC to overcome HFL data
heterogeneity and accelerate its convergence on TriSU task
in inter-city setting. Specifically, our proposed FedRC is
based on two points: (I) we model the distribution of each
RGB image’s pixel values as a Gaussian distribution, which
can differentiate the contribution of each RGB sample from
others instead of simply equalizing their contribution. (II) we
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Fig. 1: The illustration of Hierarchical Federated Learning (HFL) on TriSU task. M is the set of participating cities.

Fig. 2: The illustration of estimated RGB image Gaussians and
RGB dataset Gaussian. n,µ,δ 2 represent the dataset size, mean
and variance of dataset Gaussian distribution, respectively.

further model RGB dataset using a Gaussian distribution by
averaging all included RGB samples’ Gaussian distributions,
which considers both dataset size (i.e., n) and data statistics
(i.e., µ,δ 2). These two points are illustrated in Fig. 2. Based
on this, in the context of HFL, datasets on vehicles or
covered by edge servers and cloud server are all modelled
as Gaussian distributions which can be used to measure data
heterogeneity.

To summarize, our main contributions are listed as follow:

• To our knowledge, this is the first attempt to use Gaus-
sian distributions to describe RGB images and datasets
in HFL aggregation weight design for the TriSU task.
This approach can handle inter-city data heterogeneity,
because it not only values each RGB sample for its
unique characteristics rather than treating all samples
the same, but also considers both data quantity and
statistical properties rather than solely considering data
volume.

• We propose a new method for assigning weights that
uses statistical data to measure how much local and
global datasets are related. This design is implemented
in the HFL TriSU model to accelerate convergence by
integrating data samples with greater similarity. This

targeted approach to data integration facilitates more
efficient learning and expedites the model’s progression
towards optimal performance.

• Evaluation and experimental analysis are conducted on
FedRC on TriSU task. The results show that FedRC
does better than other top-performing methods on real-
world data and on simulated data from CARLA [14].

II. RELATED WORK

A. Federated Learning (FL)

FL is a decentralized and distributed machine learning
paradigm that prioritizes data privacy preservation [15], [16]
and requires communication-efficient method [17], [18] to re-
duce communication overheads and accelerate convergence.
For the initial FedAvg [10], it aggregates vehicles’ model pa-
rameters through weighted averaging at the server. However,
some studies [19], [20] have found that data heterogeneity
can negatively slow down convergence rate. To address this
issue, several strategies have been proposed [21], [22]. For
example, FedProx [21] introduces a proximal regularization
term on local models, ensuring updated local parameters
remain close to the global model and preventing gradient
divergence. FedDyn [22] uses a dynamic regularizer for
each device to align global and local objectives. Recently,
personalized FL [23] is proposed to enhance the each client’s
model performance. However, these existing methods often
underperform in complex tasks, such as object detection and
semantic segmentation [24]. Although some existing works
consider data heterogeneity from statistical prospective, they
generally sacrifice data privacy because of involving transfer
of raw data, histogram, etc [13].

B. Street Scene Semantic Understanding (TriSU)

TriSU is a field within computer vision and robotics
focused on enabling machines to interpret and understand
the content of street scenes, typically through various forms
of sensory data such as images and videos. This capability is
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TABLE I: Key Notations of HFL Formulation
Symbols Definitions
e Edge server (Edge for short) ID
{c,e} Vehicle ID
Ce Vehicle set connected to Edge e
M Edge server set
Dc,e Training dataset on Vehicle {c,e}
De Training dataset virtually covered by Edge e
D Entire training dataset covered by Cloud
ωc,e Model parameters on Vehicle {c,e}
ωe Aggregated model parameters on Edge e
ω Global aggregated model parameters on Cloud
pc,e Aggregation weight for ωc,e
pe Aggregation weight for ωe
τ1 Edge aggregation interval (EAI)
τ2 Cloud aggregation interval (CAI)
K Total number of edge aggregation
R Total number of cloud aggregation

crucial for applications like autonomous driving [25]–[27].
TriSU assigns a class label to every pixel in an image.
This process is crucial for understanding the layout of
the street scene, including the road, pedestrian, sidewalks,
buildings, and other static and dynamic elements. Modern
TriSU heavily relies on machine learning (ML), particularly
deep learning (DL) techniques. Initially, Fully Convolutional
Networks (FCNs)-based models significantly improve the
performance of this task [28]. In recent years, Transformer-
based approaches [29] have also been proposed for semantic
segmentation. Recently, Bird’s Eye View (BEV) [30] tech-
nique is widely adopted for road scene understanding.

III. METHODOLOGY

A. HFL Formulation

The key notations in HFL are listed in Table I. We
consider a HFL consisting of a cloud server, |M | edge
servers and ∑

|M |
e=1 |Ce| vehicles. Vehicle {c,e} represents the

c-th vehicle associated with Edge e, where c = 1,2, · · · , |Ce|.
Vehicle {c,e} has a local dataset Dc,e with size |Dc,e|. The
Edge e virtually covers dataset De ≜ ∪|Ce|

c=1Dc,e with size
|De|. Similarly, the cloud server virtually covers dataset
D ≜ ∪|M |e=1De with size |D |.

1) Vehicle Training: In local update u (refers to index
of local iteration), Vehicle {c,e} trains its local model ωc,e
based on dataset Dc,e. We define loss function of j-th sample
out of Dc,e as E (ωc,e,D

( j)
c,e ), and the training is given by

min
ωc,e

Lc,e(ωc,e) =
1
|Dc,e| ∑

D
( j)
c,e ∈Dc,e

E (ωc,e,D
( j)
c,e ). (1)

2) Edge Aggregation: When vehicle local update u = kτ1,
k = 1,2, · · · ,K, each edge server receives vehicles’ models
every τ1 local iterations and then performs edge aggregation:

ωe =
|Ce|

∑
c=1

pc,eωc,e, Le(ωe) =
|Ce|

∑
c=1

pc,eLc,e(ωe). (2)

3) Cloud Aggregation: When vehicle local update u =
rτ1τ2, r = 1,2, · · · ,R, the cloud server receives models from

all edge servers every τ2 edge aggregations and performs
cloud aggregation:

ω =
|M |

∑
e=1

peωe, L (ω) =
|M |

∑
e=1

peLe(ω). (3)

Then the cloud will redistribute the aggregated model ω to all
edge servers and then to all vehicles. Our goal is to minimize
the global loss L (ω) of HFL, such that the global model ω

is the weighted average of all vehicles’ model:

min
ω∈Rd

L (ω)≜
|M |

∑
e=1

peLe(ω) =
|M |

∑
e=1

pe

|Ce|

∑
c=1

pc,eLc,e(ω),

s.t. ω =
|M |

∑
e=1

pe

|Ce|

∑
c=1

pc,eωc,e. (4)

B. FedRC Framework

In this section, we will introduce the proposed FedRC. The
mathematical principle of the FedRC framework comes from
FL convergence analysis [31]. Wang et al. [31] reports that
the slow convergence rate can be attributed to the statistical
discrepancy between local datasets and the global dataset,
especially for a non-i.i.d. setting. Precisely, in Eq. (4), the
typical FL weights:

pc,e =
|Dc,e|
|De|

, pe =
|De|
|D |

, (5)

treat that each RGB sample contributes equally in aggrega-
tion. Such weight design fails to underscore the statistical
discrepancy between local datasets and global dataset.

Motivated by this, we propose FedRC to measure this
statistical discrepancy and then to further accelerate HFL
convergence rate in inter-city (non-i.i.d) setting. Our observa-
tions indicate that the distribution of pixel intensities in RGB
images (or individual channels of color images) displays a
bell-curve shape when visualized as a histogram, which is a
characteristic feature of a Gaussian distribution. Therefore,
in the proposed FedRC framework, pixel value’s distribution
of both individual RGB images and entire RGB datasets are
modelled as Gaussian distributions. Based on such points,
we detail the proposed FedRC in the following progressive
steps:

1) Step I: Distribution Estimation of Single RGB Image:
For single RGB image with the resolution W ×H , we
suppose the pixel value Xi is a Gaussian random variable,
i.e., Xi ∼N (µi,δ

2
i ). The µi and δ 2

i can be estimated using
total L = 3×W ×H samples according to Eq. (6):

µi =
1
L

L

∑
l=1

xl , δ
2
i =

1
L−1

L

∑
l=1

(xl−µi)
2, (6)

where xl means one pixel value from the RGB image. Fig. 3
presents two estimated examples of RGB image.

2) Step II: RGB Dataset Distribution Estimation of Ve-
hicles, Edge Servers and Cloud Server: For Vehicle {c,e},
its dataset Dc,e contains nc,e (equals to |Dc,e|) RGB images.
Based on Step I, we can model the i-th (1≤ i≤ nc,e) image
as Xi ∼ N (µi,δ

2
i ). Furthermore, we define the Gaussian
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Fig. 3: This figure illustrates the normalized histogram and proba-
bility density function (PDF) of two RGB samples. For example,
with respect to “RGB Sample #1”, the estimated mean and variance
of Gaussian distribution are 121.97 and 55.54, respectively.

distribution of Dc,e is Xc,e = 1/nc,e ∑
nc,e
i=1 Xi ∼N (µc,e,δ

2
c,e),

where µc,e and δ 2
c,e can be estimated by Eq. (7):

nc,e = |Dc,e|, µc,e =
1

nc,e

nc,e

∑
i=1

µi, δ
2
c,e =

1
n2

c,e

nc,e

∑
i=1

δ
2
i . (7)

Taking the dataset size nc,e into consideration, we can use a
three-element tuple (nc,e,µc,e,δ

2
c,e) to represent Dc,e.

For the Edge e, it receives (nc,e,µc,e,δ
2
c,e) from all con-

nected vehicles. Then Edge e can calculate its own Gaussian
distribution parameters by Eq. (8):

ne =
|Ce|

∑
c=1

nc,e, µe =
1
ne

|Ce|

∑
c=1

nc,eµc,e, δ
2
e =

1
n2

e

|Ce|

∑
c=1

n2
c,eδ

2
c,e. (8)

Similarly, for the Cloud, it receives three-element tuple
(ne,µe,δ

2
e ) from all edge servers, and then can calculate its

own Gaussian distribution parameters based on Eq. (9):

n =
|M |

∑
e=1

ne, µ =
1
n

|M |

∑
e=1

neµe, δ
2 =

1
n2

|M |

∑
e=1

n2
eδ

2
e . (9)

3) Step III: Distance between Local and Global Dataset:
Given two Gaussian distributions D1 ∼ N (µD1 ,δ

2
D1
) and

D2 ∼ N (µD2 ,δ
2
D2
), we propose using Bhattacharyya dis-

tance (BD) [32] termed DB(D1,D2) to measure the distance
between them. BD can be calcuated by Eqs. (10) to (12):

BC(D1,D2) =
∫ √

f1(x) f2(x)dx, (10)

fi(x) =
1√

2πδDi

exp

(
− (x−µDi)

2

2δ 2
Di

)
, i = 1,2, (11)

DB(D1,D2) =− ln(BC(D1,D2)). (12)

The BD can be formulated finally as following Eq. (13):

DB(D1,D2) =
1
4
(µD1 −µD2)

2

δ 2
D1

+δ 2
D2

+
1
2

ln

(
δ 2

D1
+δ 2

D2

2δD1δD2

)
, (13)

where the first term indicates the divergence between the
two distributions, while the subsequent term underscores the
disparity in the distribution’s dispersion. The primary benefit
of the BD is its consideration of the full distribution, rather

than merely its mean and variance. This attribute renders it
particularly apt for datasets with considerable variability.

On top of Eq. (13), we can calculate the distance between
Vehicle {c,e} and Edge e by DB(Dc,e,De), and distance
between Edge e and Cloud by DB(De,D).

4) Step IV: FedRC Weights Calculation: Based on dis-
tances DB(Dc,e,De) and DB(De,D) in Step III, pc,e and pe
can be computed as Eq. (14):

pc,e =
1/DB(Dc,e,De)

∑c(1/DB(Dc,e,De))
, pe =

1/DB(De,D)

∑e(1/DB(De,D))
, (14)

which implies that the closer distance yields higher aggrega-
tion weight. When compared with proportion-based weight
to equalize all RGB samples, the proposed approach can
leverage personalized Gaussian distribution of each sample
to accelerate HFL convergence on TriSU task.

In summary, we formulate FedRC in Algorithm 1 (overall
framework) and Algorithm 2 (basic operation unit). Further-
more, we visualize the FedRC results as shown in Fig. 4.

C. Complexity Analysis

1) Space Complexity: In terms of space complexity, the
storage demands are as follows: for n RGB images, the space
required is 2n units; for |V | vehicles, it is 3|V | units; for
|M | edge servers, it is 3|M | units; and for the cloud server,
3 units are required. Thus, the total space requirement termed
Sc,FedRC for the FedRC system is expressed by Eq. (15):

Sc,FedRC = 2n+3|V |+3|M |+3. (15)

Under typical conditions where n significantly exceeds |V |
and |M | (i.e., n≫ |V | and n≫ |M |), we can approximate
the total space requirement Sc,FedRC to be roughly 2n, with
the space complexity being O(n).

2) Time Complexity: With regard to time complexity, we
assume that the basic summation operation take the time of
tp. Therefore, the overall computation time for processing
all RGB images is 6nW H tp; for all vehicles, it is 2ntp; for
all edge servers, it is 3|V |tp; and for the cloud server, it is
3|M |tp. The cumulative time requirement Tc,FedRC for the
FedRC system is thus given by Eq. (16):

Tc,FedRC = 6nW H tp +2ntp +3|V |tp +3|M |tp. (16)

Considering that n is much larger than |V | and |M | (i.e.,
n≫|V | and n≫|M |). Moreover, given that the aspect ratio
of an RGB image is generally denoted as α = W /H and
the term 3W H is typically much greater than 1. Tc,FedRC
simplifies to the approximation shown in Eq. (17):

Tc,FedRC ≈ 6αnH 2tp. (17)

Given this simplification, it becomes apparent that the total
computation time is predominantly influenced by the number
of images n and the square of the height dimension H of the
images. Thus, the time complexity of FedRC can be denoted
as O(nH 2).
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(a) Edge1 (b) Edge2 (c) Edge3 (d) Cloud

Fig. 4: FedRC result. The legend ′Client{1,1}− 578− 0.53− 0.41′ in Fig. 4a can be separated into four parts by ′−′. They represent
vehicle ID, dataset size, proportion-based weight and FedRC weight, respectively. The legend ′Edge1−1081′ in Fig. 4a means Edge 1
has virtual dataset with 1081 size. The legends in Figs. 4b to 4d share the similar meaning with Fig. 4a. It is observed that FedRC weights
are better than proportion-based weight for aggregation. For example, in the Fig. 4d, the Edge 2 distribution is far away from the Cloud
distribution, it should have a smaller weight for model aggregation, which FedRC weight fits whereas proportion-based weight does not.

Algorithm 1 FedRC
1: Input: Cloud server: Cloud, Edge set: M , Vehicle set:
∪|M |e=1Ce

2: Output: Aggregation Weights: P

3: Algo FedRC(Cloud,M ,∪|M |e=1Ce)
4: Edge Server Side:
5: for Edge e in M do
6: FedRC_Base(Edge e,Ce) //Algorithm 2
7: end for
8:
9: Cloud Side:

10: FedRC_Base(Cloud,M ) //Algorithm 2

Algorithm 2 FedRC_Base
1: Input: One server: Server, Connected node set: NS
2: Output: Aggregation Weights: P
3: Algo FedRC_Base(Server,NS) :
4: Node Side:
5: for Node S in NS do
6: nS µS ,δ 2

S ← Eq. (7)
7: Send nS µS ,δ 2

S ⇒ Server
8: end for
9:

10: Server Side:
11: n,µ,δ 2← Eq. (8) or Eq. (9)
12: for Node S in NS do
13: PS = DB((nS ,µS ,δ 2

S ),(n,µ,δ 2))
14: end for

IV. EXPERIMENTS

This section details experiments undertaken on the TriSU
task across various cities. We aim to measure the accelera-
tion of convergence and the enhancement of performance
attributable to FedRC, employing metrics that are widely
recognized and accepted.

A. Datasets, Evaluation Metrics and Implementation

1) Datasets: The Cityscapes dataset [37] includes 2,975
training and 500 validation images with masks. The
Cityscapes dataset includes 19 semantic classes, including
vehicles, pedestrians and so forth. The training dataset is
split into parts for HFL vehicles. The CamVid dataset [38]

TABLE II: Hardware/Software configurations
Items Configurations
CPU AMD Ryzen 9 3900X 12-Core
GPU NVIDIA GeForce 3090 × 2
RAM DDR4 32G
DL Framework PyTorch @ 1.13.0+cu116
GPU Driver 470.161.03
CUDA 11.4
cuDNN 8302

TABLE III: Training configurations
Items Configurations
Loss nn.CrossEntropyLoss
Optimizer nn.Adam
Adam Betas (0.9, 0.999)
Weight Decay 1e-4
Batch Size 8
Learning Rate 3e-4
DNN Models DeepLabv3+ [33]

FL Algorithms
FedAvg [10], FedProx [21], FedDyn [22]
FedAvgM [34], FedIR [35], FedNova [36]
SCAFFOLD [16]

totally includes 701 samples with 11 semantic classes. In our
experiments, we split random-selected 600 samples into parts
for HFL vehicles. The remaining 101 samples are used as
test dataset. In addition, we will also implement FedRC on
CARLA [14] simulation platform to verify it qualitatively.

2) Evaluation Metrics: We evaluate our proposals on
TriSU task using four metrics: mIoU, mPrecision (mPre for
short), mRecall (mRec for short), and mF1. These metrics
are defined as Eq. (18):

mIoU =
1
C

C

∑
c=1

IoUc =
1

C ∗N

C

∑
c=1

N

∑
n=1

T Pn,c

FPn,c +T Pn,c +FNn,c
,

mPre =
1
C

C

∑
c=1

Prec =
1

C ∗N

C

∑
c=1

N

∑
n=1

T Pn,c

FPn,c +T Pn,c
,

mRec =
1
C

C

∑
c=1

Recc =
1

C ∗N

C

∑
c=1

N

∑
n=1

T Pn,c

T Pn,c +FNn,c
,

mF1 =
1
C

C

∑
c=1

F1c =
1
C

C

∑
c=1

2∗Prec ∗Recc

Prec +Recc
, (18)

where T P, FP, T N and FN are short for True Positive, False
Positive, True Negative and False Negative, respectively.
C denotes the number of semantic classes within the test
dataset, with values set to 19 for the Cityscapes dataset and
11 for the CamVid dataset. Similarly, N signifies the size
of the test dataset, which amounts to 500 for Cityscapes and
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(a) mIoU (b) mPrecision (c) mRecall (d) mF1
Fig. 5: Convergence comparison. Results show that FedRC converges faster than all other FL algorithms across all metrics.

TABLE IV: Metrics on both Cityscapes and CamVid dataset driven by DeepLabv3+ model
FL Algorithms Cityscapes Dataset (19 Semantic Classes) (%) CamVid Dataset (11 Semantic Classes) (%)

mIoU mF1 mPrecision mRecall mIoU mF1 mPrecision mRecall
FedAvg [10] 53.61 62.49 68.90 59.06 76.72 85.59 89.89 84.45

FedProx (0.005) [21] 41.51 47.22 50.22 46.78 75.46 82.10 82.46 81.78
FedProx (0.01) [21] 33.67 37.24 41.86 38.16 73.57 80.81 81.47 80.44
FedDyn (0.005) [22] 25.53 28.17 32.11 29.28 75.44 82.07 82.65 81.70
FedDyn (0.01) [22] 24.85 27.64 26.65 28.77 64.55 71.60 80.85 71.55
FedAvgM (0.7) [34] 47.28 54.79 57.14 53.74 76.29 82.67 83.21 82.28
FedAvgM (0.9) [34] 47.17 54.71 57.07 53.66 79.23 87.07 90.03 85.26

FedIR [35] 25.31 27.94 27.91 28.46 60.38 67.27 77.12 63.89
FedNova [36] 44.38 51.03 52.34 50.68 75.90 82.41 83.40 81.63

SCAFFOLD [16] 13.55 16.44 19.76 17.19 23.74 30.12 42.85 31.48
FedRC (Ours) 55.44 65.76 75.66 61.12 80.12 87.70 91.34 86.16

101 for CamVid.
3) Implementation Details: The main hardware and soft-

ware configurations are listed in Table II. The main training
details are listed in Table III. Our experiments involve a
comparison between the proposed FedRC and other several
FL algorithms. Among these benchmarks, FedDyn, FedProx,
and FedAvgM each include a hyperparameter which is set
in brackets for notation, e.g., FedDyn(0.01).

B. Main Results and Empirical Analysis

1) Convergence comparison: In our research, we evaluate
the convergence rate of the proposed FedRC algorithm
against other FL algorithms based on Cityscapes and CamVid
datasets. The curves of various metrics, as shown in Fig. 5,
depict the convergence rates of all FL algorithms under
consideration. From Figs. 5a to 5d, it is obvious that FedAvg,
FedRC, and both configurations of FedAvgM (FedAvgM(0.7)
and FedAvgM(0.9)) outperform the rest of benchmarks with
significant margins. Therefore, the following comparisons
will focus on these four FL strategies. At the onset of
training, FedAvgM(0.7) and FedAvgM(0.9) exhibit a steeper
initial increase for all metrics compared to FedAvg and
FedRC. However, as training progresses, the increasing speed
of FedAvg and FedRC surpasses that of FedAvgM(0.7) and
FedAvgM(0.9), and this trend continues until the training
ends. Overall, FedAvg and FedRC showcase a faster conver-
gence rate compared against the other FL algorithms.

Focusing on the convergence comparison between FedRC
and FedAvg as detailed in Figs. 5a to 5d, FedRC consistently
exhibits a faster convergence rate than that of FedAvg.
To measure this, FedAvg and FedRC reach convergence
at approximately the 31-th and 19-th FL rounds in mIoU,
respectively. This indicates that FedRC’s convergence rate
is accelerated by (31 - 19) / 31 = 38.71% relative to
FedAvg. Similar calculations for mPrecision, mRecall and
mF1 showcase that FedRC’s convergence rate is faster than

that of FedAvg by 37.5%, 35.5%, and 40.6%, respectively.
The reason why FedRC outperforms FedAvg is that, as
emphasized before, FedRC distinguishes each RGB image
by analyzing them individually rather than typically treating
them equally. Furthermore, it accounts for the data’s volume
and statistical characteristics instead of just focusing on data
volume. In other word, FedAvg is a special case of FedRC
when datasets on all vehicles are i.i.d. In summary, FedRC
holds a substantial advantage in convergence speed over all
competing FL algorithms across all metrics.

2) Quantitative and qualitative performance comparison:
In the Quantitatively analysis, we carry out a set of ex-
periments to benchmark the performance of various FL
algorithms driven by DeepLabv3+ model [33]. The results
for the DeepLabv3+ model are presented in Table IV, which
clearly indicates that FedRC exceeds all other algorithms in
performance across almost all metrics for both Cityscapes
and CamVid datasets. Specifically, for Cityscapes dataset,
FedRC outperforms the second-best FL algorithm (i.e., Fe-
dAvg) by margins of (55.44 - 53.61) % = 1.83%, (65.76 -
62.49) % = 3.27%, (75.66 - 68.90) % = 6.76% and (61.12
- 59.06) % = 2.06% in mIoU, mPrecision, mRecall, and
mF1, respectively. For CamVid dataset, the improvements of
FedRC over FedAvg are (80.12 - 76.72) % = 3.40%, (87.70
- 85.59) % = 2.11%, (91.34 - 89.89) % = 1.45% and (86.16
- 84.45) % = 1.71% across mIoU, mPrecision, mRecall
and mF1. On the other hand, upon inspecting Table IV,
it suggests that a negative correlation between the perfor-
mance of FL algorithms and task complexity. Algorithms
like FedProx, FedDyn, and FedNova, for example, show
superior outcomes on relatively easy classification task, yet
lag behind on more complicated TriSU task. This pattern
of inverse correlation is also applicable when comparing the
performance of FL algorithms against the complexity of the
datasets utilized. For instance, the majority of FL algorithms
tend to underperform on the complex Cityscapes dataset
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TABLE V: Prediction performance comparison of semantic understanding driven by varieties of FL algorithms
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Fig. 6: The demonstration of capturing CARLA data.
relative to their performance on the simpler CamVid dataset.

In the qualitative analysis, Table V illustrates the results
of various FL algorithms, including FedAvg, FedAvgM(0.7),
FedDyn(0.005), FedProx(0.005), FedNova, along with our
FedRC, on five RGB images from diverse AD scenarios.
To measure the effectiveness of each FL algorithm’s predic-
tion performance, we examine how closely their prediction
outputs align with the ground truth and the original images.
The comparison reveals that FedRC’s outputs are consistently
more accurate in capturing both the overall scene and details
for all images. For example, FedRC is the only algorithm that
reliably identifies subtle elements such as poles, depicted
in light yellow, which most other FL algorithms tend to
overlook.

C. Implementation in CARLA World
In this section, we implement the proposed FedRC in

CARLA simulation world to qualitatively validate our pro-
posed approach. Our methodology involves collecting RGB

TABLE VI: Prediction performance comparison of varieties of
models on CARLA simulation data

Raw Images Ground Truth FedAvg FedRC (Ours)

images, each paired with corresponding semantic tags as de-
picted in Fig. 6, which composes the training dataset for the
semantic head. Subsequently, upon completing the training
phase, we assess the model’s performance by comparing
the predicted semantic segmentation of previously unseen
RGB images from CARLA against the ground truth. This
comparison is carried out using the FedRC and FedAvg
models. The qualitative outcomes, as presented in Table VI,
confirm that although some discrepancies in detail against
ground truth are observed, the efficacy of the FedRC in AD
scenarios is still demonstrated, particularly in the TriSU task.

V. CONCLUSION

In this study, we attempt to improve TriSU model gener-
alization in inter-city setting based on HFL. FedRC is pro-
posed to accelerate HFL TriSU model convergence rate. We
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conduct comprehensive experiments and compare the results
with current state-of-the-art approaches. The findings reveal
that FedRC can accelerate HFL TriSU model convergence
rate. Future work includes applying FedRC to a wider range
of AD tasks and integrating multi-modal data into FedRC.
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active learning for semantic segmentation in unknown environments
using informative path planning,” IEEE Robotics and Automation
Letters, vol. 9, no. 3, pp. 2662–2669, 2024.

[2] Y. Wang and J. Li, “Bilateral knowledge distillation for unsupervised
domain adaptation of semantic segmentation,” in 2022 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS),
2022, pp. 10 177–10 184.

[3] H. Son and J. Weiland, “Lightweight semantic segmentation network
for semantic scene understanding on low-compute devices,” in 2023
IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS), 2023, pp. 62–69.

[4] Z. Chen, Z. Ding, J. M. Gregory, and L. Liu, “Ida: Informed domain
adaptive semantic segmentation,” in 2023 IEEE/RSJ International
Conference on Intelligent Robots and Systems(IROS), 2023, pp. 90–97.

[5] J. Li, W. Shi, D. Zhu, G. Zhang, X. Zhang, and J. Li, “Featdanet:
Feature-level domain adaptation network for semantic segmentation,”
in 2023 IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS), 2023, pp. 3873–3880.

[6] K. Muhammad, T. Hussain, H. Ullah, J. Del Ser, M. Rezaei, N. Kumar,
M. Hijji, P. Bellavista, and V. H. C. de Albuquerque, “Vision-based
semantic segmentation in scene understanding for autonomous driving:
Recent achievements, challenges, and outlooks,” IEEE Transactions on
Intelligent Transportation Systems, 2022.

[7] L. Liu, J. Zhang, S. H. Song, and K. B. Letaief, “Client-edge-cloud
hierarchical federated learning,” 2019.

[8] W.-B. Kou, S. Wang, G. Zhu, B. Luo, Y. Chen, D. W. Kwan Ng, and
Y.-C. Wu, “Communication resources constrained hierarchical feder-
ated learning for end-to-end autonomous driving,” in 2023 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS),
2023, pp. 9383–9390.

[9] H.-T. Wu, H. Li, H.-L. Chi, W.-B. Kou, Y.-C. Wu, and S. Wang, “A
hierarchical federated learning framework for collaborative quality de-
fect inspection in construction,” Engineering Applications of Artificial
Intelligence, vol. 133, p. 108218, 2024.

[10] H. B. McMahan, E. Moore, D. Ramage, S. Hampson, and B. A. y.
Arcas, “Communication-efficient learning of deep networks from
decentralized data,” 2016.

[11] L. Fantauzzo, E. Fanì, D. Caldarola, A. Tavera, F. Cermelli, M. Ci-
ccone, and B. Caputo, “Feddrive: Generalizing federated learning to
semantic segmentation in autonomous driving,” in Proceedings of the
2022 IEEE/RSJ International Conference on Intelligent Robots and
Systems, 2022.

[12] S. Wang, C. Li, D. W. K. Ng, Y. C. Eldar, H. V. Poor, Q. Hao, and
C. Xu, “Federated deep learning meets autonomous vehicle perception:
Design and verification,” IEEE network, vol. 37, no. 3, pp. 16–25,
2022.

[13] B. Li, S. Chen, and K. Yu, “Feddkw – federated learning with dynamic
kullback–leibler-divergence weight,” ACM Trans. Asian Low-Resour.
Lang. Inf. Process., apr 2023, just Accepted.

[14] A. Dosovitskiy, G. Ros, F. Codevilla, A. Lopez, and V. Koltun, “Carla:
An open urban driving simulator,” in Proceedings of The 1st Annual
Conference on Robot Learning, 2017, pp. 1–16.

[15] J. Dong, L. Wang, Z. Fang, G. Sun, S. Xu, X. Wang, and Q. Zhu,
“Federated class-incremental learning,” in IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), June 2022.

[16] S. P. Karimireddy, S. Kale, M. Mohri, S. Reddi, S. Stich, and
A. T. Suresh, “Scaffold: Stochastic controlled averaging for federated
learning,” in International conference on machine learning. PMLR,
2020, pp. 5132–5143.

[17] Q. Lin, Y. Li, W.-B. Kou, T.-H. Chang, and Y.-C. Wu,
“Communication-efficient activity detection for cell-free massive
mimo: An augmented model-driven end-to-end learning framework,”
IEEE Transactions on Wireless Communications, pp. 1–1, 2024.

[18] Q. Lin, Y. Li, W. Kou, T.-H. Chang, and Y.-C. Wu, “Communication-
efficient joint signal compression and activity detection in cell-free
massive mimo,” in ICC 2023-IEEE International Conference on
Communications. IEEE, 2023, pp. 5030–5035.

[19] L. Wang, S. Xu, X. Wang, and Q. Zhu, “Addressing class imbalance
in federated learning,” in Proceedings of the AAAI Conference on
Artificial Intelligence, vol. 35, no. 11, 2021, pp. 10 165–10 173.

[20] Y. Huang, L. Chu, Z. Zhou, L. Wang, J. Liu, J. Pei, and Y. Zhang,
“Personalized cross-silo federated learning on non-iid data,” 2021.

[21] T. Li, A. K. Sahu, M. Zaheer, M. Sanjabi, A. Talwalkar, and V. Smith,
“Federated optimization in heterogeneous networks,” 2020.

[22] D. A. E. Acar, Y. Zhao, R. Matas, M. Mattina, P. Whatmough, and
V. Saligrama, “Federated learning based on dynamic regularization,”
in International Conference on Learning Representations, 2021.

[23] W.-B. Kou, Q. Lin, M. Tang, S. Xu, R. Ye, Y. Leng, S. Wang, Z. Chen,
G. Zhu, and Y.-C. Wu, “pfedlvm: A large vision model (lvm)-driven
and latent feature-based personalized federated learning framework in
autonomous driving,” arXiv preprint arXiv:2405.04146, 2024.

[24] J. Miao, Z. Yang, L. Fan, and Y. Yang, “Fedseg: Class-heterogeneous
federated learning for semantic segmentation,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2023, pp. 8042–8052.

[25] A. Almin, L. Lemarié, A. Duong, and B. R. Kiran, “Navya3dseg -
navya 3d semantic segmentation dataset design split generation for
autonomous vehicles,” IEEE Robotics and Automation Letters, vol. 8,
no. 9, pp. 5584–5591, 2023.

[26] Z. Zhengl, Y. Chen, B.-S. Hua, and S.-K. Yeung, “Compuda: Com-
positional unsupervised domain adaptation for semantic segmentation
under adverse conditions,” in 2023 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS), 2023, pp. 7675–7681.

[27] R. Römer, A. Lederer, S. Tesfazgi, and S. Hirche, “Vision-based
uncertainty-aware motion planning based on probabilistic semantic
segmentation,” IEEE Robotics and Automation Letters, vol. 8, no. 11,
pp. 7825–7832, 2023.

[28] T. Zhou, W. Wang, E. Konukoglu, and L. Van Gool, “Rethinking
semantic segmentation: A prototype view,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2022, pp. 2582–2593.

[29] A. Z. Zhu, J. Mei, S. Qiao, H. Yan, Y. Zhu, L.-C. Chen, and
H. Kretzschmar, “Superpixel transformers for efficient semantic seg-
mentation,” in 2023 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), 2023, pp. 7651–7658.

[30] Y. B. Can, A. Liniger, O. Unal, D. Paudel, and L. Van Gool,
“Understanding bird’s-eye view of road semantics using an onboard
camera,” IEEE Robotics and Automation Letters, vol. 7, no. 2, pp.
3302–3309, 2022.

[31] Y. Wang, Q. Shi, and T.-H. Chang, “Why batch normalization damage
federated learning on non-iid data?” 2023.

[32] A. Bhattacharyya, “On a measure of divergence between two statistical
populations defined by their probability distribution,” Bulletin of the
Calcutta Mathematical Society, vol. 35, pp. 99–110, 1943.

[33] L.-C. Chen, Y. Zhu, G. Papandreou, F. Schroff, and H. Adam,
“Encoder-decoder with atrous separable convolution for semantic
image segmentation,” 2018.

[34] T.-M. H. Hsu, H. Qi, and M. Brown, “Measuring the effects of non-
identical data distribution for federated visual classification,” arXiv
preprint arXiv:1909.06335, 2019.

[35] T. M. H. Hsu, H. Qi, and M. Brown, “Federated visual classification
with real-world data distribution,” in Computer Vision–ECCV 2020:
16th European Conference, Glasgow, UK, August 23–28, 2020, Pro-
ceedings, Part X 16. Springer, 2020, pp. 76–92.

[36] J. Wang, Q. Liu, H. Liang, G. Joshi, and H. V. Poor, “Tackling the
objective inconsistency problem in heterogeneous federated optimiza-
tion,” Advances in neural information processing systems, vol. 33, pp.
7611–7623, 2020.

[37] M. Cordts, M. Omran, S. Ramos, T. Rehfeld, M. Enzweiler, R. Benen-
son, U. Franke, S. Roth, and B. Schiele, “The cityscapes dataset for
semantic urban scene understanding,” in Proc. of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), 2016.

[38] G. J. Brostow, J. Shotton, J. Fauqueur, and R. Cipolla, “Segmentation
and recognition using structure from motion point clouds,” in Proc.
European Conference on Computer Vision of the (ECCV), 2008.

2585


