ABSTRACT

Battery electric vehicles (BEVs) require accurate
real-time energy prediction, while privacy con-
cerns motivate federated learning. We pro-
pose Roughness-Index-based Federated Averag-
ing (RI-FedAvg) for centralized cross-device FL
under non-IID BEV data, where client regulariza-
tion is adapted using a per-vehicle roughness in-
dex to reduce client drift. Experiments on VED
driving data with simulated heterogeneity show
lower MAE and faster convergence than strong
baselines while preserving privacy.
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FEDERATED LEARNING

Federated Learning (FL) trains a shared model
across V' vehicles in V without centralizing their
data [1]. Let vehicle v have local dataset D, of
size s,, with total size s = > sy. The global
objective is
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At round r, the server selects a subset Q),, C V of
size |(Q)-| = max(CV, 1), broadcasts ¢,,, and each
selected vehicle performs E local SGD epochs to

produce ¢, ;. The server aggregates
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ROUGHNESS INDEX

For vehicle v, the Roughness Index R, is com-
puted by projecting the local loss G, (¢) onto one-
dimensional subspaces along random directions
v; ~ N(0,14), normalized as v; < v;/||v;||2. For
each direction, the projected loss is defined by
Gv, (@) = Gy(¢y + qu;) for g € [—£,£], where £ > 0
specifies the projection range. Its total variation is
approximated over grid points ¢; = —¢ - j?f, J =

n—1
0,...,n,as TV(gy,) = Zj:() Gv: (2+1) — 9u: (45)],

and normalized by N(g,,) = 55TV (gv,), where

b = mMaXge[—2,6] v, (Q) — minqe[—é,é] Gv; (C]) Us-
ing N, random directions, the roughness index is

_ stdy, N(go,)
Rv o E’UZN(g’Uz) .

RI-FEDAVG ALGORITHM

RI-Fed Avg mitigates client drift by adding an 'R, -
based regularization term to the local loss func-
tion, namely Z,(¢) = G,(¢) + AR, '|¢ — ¢.||3
where A > 0 (e.g., A = 0.1) controls the regulariza-

tion strength and [|¢ — ¢ [13 = S (6: — (61):)2.
This term penalizes deviations from the global

model ¢,, scaled by R, (client-specific landscape
roughness), to adapt to the complexity of the lo-
cal loss landscape. Accordingly, the gradient of
the regularized loss becomes VZ,(¢) = VG, (¢)+
2AR, (¢ — @), which stabilizes local updates by
anchoring them to ¢,.. Each vehicle v € @), com-
putes R,, performs E local epochs of SGD using
VZ,(¢), and then sends ¢;_, ; to the server for ag-
gregation. The computational cost of evaluating
R, is O(N,-n-d), where d is the model dimension,
and this requires NN, loss evaluations per vehicle
per round (e.g., NV, = 10), which remains scalable
for typical FL scenarios.

CONCLUSION

The Roughness-Index-based Federated Averag-
ing (RI-FedAvg) method mitigates client drift in
the FedAvg framework for Federated Learning.
Through roughness-aware regularization of lo-
cal objectives across heterogeneous vehicles, RI-
FedAvg significantly improves convergence sta-
bility and prediction accuracy on BEV energy-

Roughness-Informed Federated Learning For Energy Consumption
Modeling of Battery Electric Vehicles

UCMERCED

UNIVERSITY OF CALIFORNIA

EXPERIMENT ON REAL VEHICLE ENERGY DATASET (VED)

Figures 1-3 collectively show that RI-Fed Avg con-
sistently achieves the lowest MAE across multi-
ple evaluation settings and remains more robust
than the baseline methods. In Figure 1, RI-FedAvg
with different values of A exhibits faster conver-
gence and lower MAE over the training epochs
compared with FedAvg, FedDyn, DP-FedAvg,
DPSGD, SCAFFOLD, FedProx, and FedBEV, with
smaller \ values yielding the best overall perfor-
mance.

Figure 1: Comparison of Mean Absolute Error (MAE)
across federated learning algorithms over 20 epochs for

train-validation-test splitting ratios of 0.4, 0.1, and 0.5,
based on the LSTM-Fed Avg structure.

Figure 2 further demonstrates that, under increas-
ing client dropout rates of 15%, 35%, and 55%, RI-
FedAvg degrades more gracefully than the com-
peting methods, indicating stronger robustness to
partial client participation. Finally, Figure 3 shows
that RI-FedAvg also achieves lower MAE across
different vehicle types, including passenger cars,

RESULTS AND DISCUSSION

RI-FedAvg improves federated training under heterogeneous vehicle data by reducing client drift
through roughness-aware regularization. The results show faster convergence and lower prediction

trucks, and buses, confirming that its performance
gains are consistent across heterogeneous mobility
patterns.
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Figure 2: Mean Absolute Error (MAE) in kWh for
various federated learning algorithms across dropout
rates of 15%, 35%, and 55%. The plot illustrates the
performance of each algorithm under increasing client
dropout conditions.

Mean Absolute Error (MAE) Across Vehicle Types

Figure 3: Mean Absolute Error (MAE) across vehicle
types (Passenger, Truck, Bus) for Fed Avg, FedDyn, DP-
Fed Avg, SCAFFOLD, FedProx, FedBEV, and RI-Fed Avg
with A (0.01, 0.02, 0.03, 0.04)

error than standard baselines, indicating more stable local updates under non-IID settings. Overall,

consumption tasks. These improvements demon-
strate its robustness under non-IID conditions,
making it a promising approach for reliable and
privacy-preserving federated learning in realistic
transportation settings with strong practical de-
ployment potential.

these findings support RI-FedAvg as an effective and practical method for BEV energy-consumption
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