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Abstract

In open real-world autonomous driving scenarios, challenges
such as sensor failure and extreme weather hinder the gener-
alization of current autonomous driving perception models to
these unseen domain, due to the domain shifts between the
test and training data. As the parameter scale of autonomous
driving perception models grows, traditional test-time adap-
tation (TTA) methods become unstable and often degrade
model performance in most scenarios. To address these chal-
lenges, this paper proposes two new robust methods to im-
prove the Batch Normalization with TTA for object detection
in autonomous driving: (1) We introduce a new LearnableBN
layer based on Geometric Confidence Maximization and En-
tropy Minimization. Specifically, we modify the traditional
BN layer by incorporating auxiliary learnable parameters,
which enables the BN layer to dynamically update the statis-
tics according to the different input data. (2) We propose a
novel semantic-consistency based dual-stage adaptation strat-
egy, which encourages the model to iteratively search for the
optimal solution and eliminates unstable samples during the
adaptation process. Extensive experiments on the NuScenes-
C dataset shows that our method achieves a maximum im-
provement of about 10% using BEVFormer as the baseline
across six corruption types and three levels of severity.

Code — https://github.com/Maodou-L/LearnableBN

Introduction

Autonomous driving perception models encounter signifi-
cant challenges when the distribution of test data diverges
from that of the training data, particularly in dynamic and
open real-world driving scenarios such as extreme weather
conditions or sensor failures, leading to severe degradation
in the model’s predictive accuracy (Zhu et al. 2023b; Bo-
jarski et al. 2016; Wang et al. 2024), which is unaccept-
able for autonomous driving tasks. Traditional methods (Yun
et al. 2019; DeVries and Taylor 2017; Zhang et al. 2017)
for enhancing model robustness typically rely on extensive
annotation costs or use data augmentation. However, these
methods necessitate prior knowledge of the test data distri-
bution, which is often unknown in real-world driving scenar-
i0s. To address these practical issues, a more viable approach
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Figure 1: Illustration of the challenges faced by BEV-based
3D object detection models in unseen domains due to ex-
treme weather. To improve robustness, the TTA method es-
timates BN statistics for unseen domains during testing.

is to use Test-Time Adaption (TTA) methods to adjust mod-
els promptly when facing unseen domains.

The prevalent TTA paradigm (Boudiaf et al. 2022; Sun
et al. 2020; Wang et al. 2020; Liu et al. 2021; Qi, Lv, and Ma
2025) typically addresses the issue of the distribution shifts
between test and training data by adjusting the statistics of
Batch Normalization (BN) layers, As shown in Fig 1. How-
ever, this TTA paradigm presenting the following challenges
in self-driving (Liang, He, and Tan 2024; Qi et al. 2019):

Firstly, TTA methods that adjust Batch Normaliza-
tion (BN) parameters exhibit significant instability in au-
tonomous driving perception tasks, due to the BN layers
employ an exponential moving average (EMA) approach to
estimate the data distribution. The EMA method is highly
sensitive to batch size, meanwhile the use of EMA for updat-
ing BN statistics is significantly affected by the problem of
internal covariate shift in the model. If the prediction of the
bottom BN layer’s statistic is error, it can lead to the accumu-
lation of errors in subsequent BN layers’ prediction (Schnei-



der et al. 2020; Cicek and Soatto 2019; Xie et al. 2020). As
model parameters and depth increase in autonomous driv-
ing perception tasks, the batch size is constrained, making it
difficult for TTA methods to accurately predict the real test
data distribution and worsening internal covariate shift.

Furthermore, most existing test-time adaptation (TTA)
methods assume that the model outputs follow a probability
distribution, enabling unsupervised methods such as entropy
minimization and KL divergence (Wang et al. 2020; Vu et al.
2019; Sun et al. 2020; Zhang et al. 2023). However, current
research lacks an unsupervised loss function that can be di-
rectly applied to regression tasks. To adopt similar strategies
to regression tasks, the model’s output must be modeled as a
probability distribution with certain prior assumptions. This
approach fundamentally modifies the model’s output repre-
sentation and consequently necessitates model retraining. In
the object detection tasks, which involves both classification
and regression branches, the regression branch does not nat-
urally produce probabilistic outputs, making it difficult to
directly apply existing TTA methods.

TTA methods typically classify test samples first and ad-
just the model using samples from specific categories (Li
et al. 2023; Qi et al. 2021). This requires prior knowledge of
the test data distribution. In real-world driving scenarios, the
diversity of encountered scenes is often unknown, and the
presence of noisy samples is prevalent (Niu et al. 2023; Qi
et al. 2020).

To address these challenges, we introduce a learnableBN
based on geometric confidence maximization and entropy
minimization loss to adjust BN statistics. By adding auxil-
iary learnable parameters into BN layers, we predict the BN
statistics for the test domain, replacing the EMA method.
This approach addresses the limitations of BN layers un-
der mini-batch conditions, mitigates model internal covari-
ate shift issues and addresses the instability arising from
adjusting BN statics. Additionally, by guiding the optimiz-
ing of auxiliary learnable parameters through unsupervised
method, we introduce a new geometric confidence maxi-
mization loss to regression branch and entropy minimiza-
tion loss to classification branch. Secondly, to tackle the
challenges of TTA in real-world scenarios, we propose a
semantic-consistency based dual-stage adaptation method.
By adjusting the variation of learning rates and dividing
adaptation into two stages, we use the semantic consistency
of sample predictions in different stages as guidance to filter
out the uncertain samples, thereby making the training pro-
cess more stable and prevent the model from converging to
a local optimum in the solution space.

Our main contributions can be summarized as follows:

(1) We propose a novel TTA paradigm for robust BEV per-
ception in open real-world driving scenarios, by incorporat-
ing a LearnableBN for estimating BN statistics with geo-
metric confidence maximization( GCM) and entropy min-
imization( EM) loss function that effectively addresses the
instability issues inherent to traditional BN layers.
(2) We introduce a semantic-consistency based dual-stage
adaptation method, which is designed to filters out the noisy
samples and prevents the model from converging to a local
optimum in the solution space.
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(3) We conduct extensive experiments on widely-adopted
benchmark, nuScenes-C, and results show that our proposed
method achieves a maximum improvement of about 10% us-
ing BEVFormer as the baseline model across six corruption
types and three levels of severity.

Related Work

Autonomous driving perception.Monocular 3D object de-
tection (Zou et al. 2021; Ye et al. 2025; Lv et al. 2025) tack-
les depth estimation from a single image (Ding et al. 2020),
often with pre-trained depth modules. SMOKE (Liu et al.
2021) formulates 3D detection as keypoint estimation, while
Monoflex (Zhang, Lu, and Zhou 2021) improves perfor-
mance via flexible object-center definitions for regular and
truncated objects.Mainstream BEV-based detectors include
object-query methods such as: DETR3D (Wang et al. 2022),
which uses Transformer cross-attention to bypass depth es-
timation; PETR, which introduces 3D position-aware repre-
sentations; BEVFormer (Li et al. 2022; Yang et al. 2023),
which leverages temporal cross-attention and polar coordi-
nates; and Sparse4D (Lin et al. 2022; Zhu et al. 2023a),
which uses sparse proposals for feature fusion. We adopt
BEVFormer, Sparse4D, and Monoflex as baselines.
Test-Time-Adaptation (TTA). Most TTA methods (Sun
et al. 2020; Fleuret et al. 2021; Iwasawa and Matsuo 2021;
Qi et al. 2025) adapt models on unlabeled test data during
inference. Benz et al. (Benz et al. 2021) adjust BN statistics
via forward passes, while Schneider et al. (Schneider et al.
2020) compute mixture coefficients dynamically for BN up-
dates. TENT (Wang et al. 2020) introduces entropy mini-
mization as the sole loss for unsupervised adaptation by op-
timizing affine BN parameters. Building on TENT, Domain
Adaptor (Zhang et al. 2023; Deng, Qi, and Ma 2025) further
uses EMA-based mixture coefficients and temperature scal-
ing. However, these unsupervised losses do not apply to the
regression branch of object detection.

Method
Problem Definition

In this work, we define the test dataset as D?
{1, x2, ..., }, Where c represents the different conditions
in real-world driving scenarios, and s is the severity level of
the domain shift between test domain and train domain. We
define the model as f(+|6, ¢), where the 6 is origin model’s
parameters. We introduce the set of auxiliary learnable pa-
rameters in the BN layers, defined as ¢ = {¢1, ¢2, ..., i },
where m corresponds to the parameters for the m-th BN
layer. The learning rate of the model is defined as 7.

Overview

Our TTA method applies two stage adaptation to predict the
BN statistics (u,0) of test domain D? in each BN layer.
Specifically, we use Geometric Confidence Maximization
and Entropy Minimization as the loss function to optimize
the learnable mixture coefficient ¢ that we introduced in the
BN layer. After each step of optimizing, we perform sec-
ondary correction on the BN statistics (y, o) using the op-
timized ¢. Additionally, we propose a semantic-consistency
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Figure 2: Method Overview. Module (a) illustrates the Semantic-Consistency based Dual-Stage Adaptation method. Module
(b) is intended to describe the process of the proposed LearnableBN method.

based dual-stage-adaptation method. The first stage is the
stable adaptation stage, which uses a smaller learning rate
n for conservative estimation of BN statistics. The second
stage is the aggressive adaptation stage, using a larger learn-
ing rate 7 to help the ¢ escape local optima and converge to
global optima. To ensure the stability of model adaptation,
the predictions from the second stage are compared seman-
tic consistency with the predictions from the first stage. This
comparison is used to filter noisy samples from the test do-
main D;. The whole framework is illustrated in Fig. 2.

LearnableBN

Geometric Confidence Maximization and Entropy Mini-
mization. Test-time adaptation (TTA) commonly relies on
Entropy Minimization(EM) loss to improve model predic-
tion confidence. However, object detection models consist of
not only a classification task but also a regression task that
outputs continuous values, such as the position and size of
bounding boxes. As a result, the EM loss cannot be applied
to the regression branch, leaving it unoptimized. Moreover,
during inference, object detectors typically produce a large
number of candidate boxes. Simply increasing the classifi-
cation confidence through EM may lead to increased con-
fidence scores for low-quality candidate boxes, ultimately
harming detection performance.

To address this issue, we extend the idea of entropy mini-
mization to the regression task and propose a new Geometric
Confidence Maximization loss Lo cas. Let the set of candi-
date boxes be B = {B1, Ba, ..., Bg}, where Q is the query
numbers. For any two boxes B; and B, their Intersection
over Union (IoU) is defined as:

_ |Bin By

ToU,; = 21125l 1
oY = B, U B M
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We assume that the candidate box pairs P with IoU
greater than threshold 7 are correspond to the same object:

P ={(i,j) [1oUs; > 7, i < j}. 2

Finally, we define the average 1 — IoU of all candidate box
pairs P assumed to correspond to the same object as Lo

L > (1-1IoUj).

Loem = =7 3)
|P| 7
i,j)EP

The idea behind Lgc s is analogous to the application
of entropy minimization strategies in classification tasks,
where minimizing the entropy of the predicted distribution
encourages the model to make more confident class predic-
tions. Similarly, the L5 s aims to improve the stability and
consistency of the regression branch by encouraging more
concentrated regression results for candidate boxes corre-
sponding to the same object, which can be interpreted as
enhancing the “confidence” of bounding box regression.

Formally, L5 ¢ can be regarded as reducing the variance
of the predicted distribution in probability-based regression
tasks. In contrast to such methods, Lsc s does not require
the introduction of explicit probabilistic modeling compo-
nents or prior assumptions, nor does it necessitate modifi-
cations to the original model architecture, thereby offering
greater flexibility and broader applicability.

The LearnableBN integrates Lg oy as the regression loss
and additionally incorporates EM loss in the classification
branch to improve the confidence of class predictions:

i g
Leyv =X Z Z —pi,j logp; j, €]
Q C



where () is the query numbers, C' is the numbers of classes,
p;,; 1s the predicted probability of the different classes of
query, A is the weight coefficient.

Moreover, directly using unsupervised losses to update
model parameters may amplify the effect of incorrect pre-
dictions during adaptation, potentially leading to error ac-
cumulation. In contrast, the LearnableBN method leverages
the two proposed losses to optimize the auxiliary learnable
parameters ¢, which do not directly modify the model pa-
rameters but instead indirectly influence the model by ad-
justing the statistical information in the BN layers.

Optimizing BN layers. The inherent instability of the BN
layer is mainly attributed to the following factors:

(1) The exponential moving average (EMA) method used
to predict statistics in the BN layer is highly dependent on
the batch size. If the batch size is too small, it might not
accurately reflect the full distribution of the test data domain,
potentially leading to erroneous shifts in BN statistics.

(2) Within the neural network, deeper layer information
is found to exhibit greater transferability, while shallow lay-
ers information often requires more frequent updates. There-
fore, the update strategy for the BN statistics should be dif-
ferent for each layer.

(3) Predictions of BN statistics are highly sensitive to in-
ternal covariate shift, where the accuracy of statistical pre-
dictions in deep BN layers significantly influences those in
shallow BN layers.

Therefore, we propose a novel BN layer method for pre-
dicting BN statistics to replace the EMA method:

In m-th BN layer the equation in forward propagation:

= (1= Gm)pn + dpp, ©)
0% = (1= ¢m)(on)? + ¢(op)?, (©6)
L ETH

where z and Z are the input and output of the BN layer,
(ten, o) are the historical BN statistics, and (1, 0,,) are the
BN statistics from the current sample. (v, §) are the affine
parameters, and € is a small constant for numerical stabil-
ity. We introduce a new learnable parameter ¢,, to each BN
layer and apply the leakyrelu function to prevent negative
values. This enables each BN layers to have independent
mixture coefficient. At this stage, the BN statistic (1, 0))
calculated from Eq. 5 and Eq. 6 are utilized as a temporary
variables to influence the model’s predictions.

After optimizing with Lgcop and Lg)s, we introduce a
quadratic correction:

oY) = o) — . Vy(Laowm + Lum), 8)
=1 - &Ny + oy, ©9)
o? = (1— o) (op)? + 6 (0,)2,  (10)

where {...,t — 1,t,t + 1,...} represent each optimization
step in training iterations. The first correction is necessary
because the BN layer dynamically mixes the current sam-
ple’s statistics with history statistics during prediction pro-
cess, helping to reduce domain shift and enabling the model
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to predict the mixture coefficient for the current sample more
accurately.

The second revision is due to the delay in the impact of the
¢, on the BN statistics. The ¢,,, after optimization should
be the mixing coefficients of the current samples. If we use
Eq. 5 and Eq. 6 as the BN statistic, it will result in the ¢,,
optimized by current Loy and L) to be used in the next
sample’s mixing coefficients. Therefore, we made specific
adjustments to the model training process. After optimizing
¢ using Eq. 8, we applied Eq. 9 and Eq. 10 to correct the
statistics of the BN layers.

We propose such a method to optimize the BN layer by
introducing a auxiliary learnable parameters ¢,,, to replace
the EMA method. It mitigates the limitation where the ac-
curacy of BN statistics predicted using the EMA method is
highly dependent on batch size, resulting in a more stable
process for predicting BN statistics. Applying different BN
statistics shift strategies for each BN layers, effectively uti-
lized the transferability of the deep BN layers. Unlike the
traditional model parameter, ¢,, is an auxiliary parameter
that will initialized at the start of each domain adaptation,
enabling specific adaptation strategies for different domains.

Semantic-Consistency based Dual-Stage
Adaptation

In our LearnableBN method, only the auxiliary learnable pa-
rameters ¢ are optimized. Adapting with a very small learn-
ing rate often results in the model converging to a local op-
timum due to the limited number of trainable parameters.
Conversely, the peculiarities of Lgcps and L)y can cause
the model to converge to a trivial solution if an excessively
large learning rate is used. To further enhance the gener-
alization of our method and effectively handle noisy sam-
ples encountered in real-world scenarios, we propose a new
semantic-consistency based dual-stage adaptation method.

As shown in figure 2, during the first stage, a small learn-
ing rate is used to allow the model to find the local opti-
mum. In the second stage, we use a large learning rate to al-
low the model to escape from the local optimum. In order to
guarantee the reliability of the adapting process, we compare
the semantic consistency between the first-stage model and
the second-stage model by evaluating the Kullback-Leibler
(KL) divergence of their predictions. We consider a sample
to be stable for model adapting if the KL value is in the low-
est 10% of historical KL values.

The rationale behind the first adapting stage is that the
model often exhibits instability when confronted with un-
seen domains. The original model cannot be used directly as
a semantic comparison model. The local optimums obtained
by the model in the first adapting stage are more transfer-
able. Consequently, we use the predictive power of the local
optimums to filter the unstable samples. During the second
stage of adapting, the learning rate is increased in order to
encourage the model to converge to the global optimum.

Concurrently, this method is used for sample selection,
which considers the hidden layer features of samples. This
approach guarantees the adapting stability while minimizing
the risk of learning noisy samples during TTA.



| Low Light | Fog | Motion blur

Severity | Easy Mid Hard Avg | Easy Mid Hard Avg | Easy Mid Hard Avg

Baseline 0.4011 0.3352 0.2274 0.3212 | 0.4908 0.4825 0.4655 04796 | 0.4661 03002 0.2328 0.3330
ReviseBN 0.3382  0.2798 0.1715 0.2631 | 04296 0.4188 0.4048 0.4177 | 04316 0.3444 0.2905  0.3555
TENT 0.2636  0.2085 0.149  0.2070 | 0.3416  0.333  0.3161 0.3323 | 03185 0.1842 0.1442 0.2823
AdaBn 0.104 0.075 0.0528 0.0772 | 0.1388 0.1345 0.1266 0.1333 | 0.1325 0.1296 0.1218 0.1279
ARM(BN) 0.1319 0.0978 0.0587 0.0961 | 0.1473 0.1449 0.1372 0.1431 | 0.1621  0.1535 0.1297 0.1484
LearnableBN ‘ 0.4203 0.3712 0.3097 0.3671 ‘ 0.4899 0.4829 0.4720 0.4816 ‘ 0.4707 0.3783  0.3325 0.3938

Table 1: Comparison of different TTA methods on Nuscenes-C across three levels of severity. The baseline model is BEV-
Former with ResNet-101 as the backbone. Bold: Best in the category. Underline: Second best in the category.

Experiments
Experimental Setup

Dataset. To simulate a dynamic and real-world autonomous
driving scenarios, the experiments are conducted on the
Nuscenes-C (Kong et al. 2023) dataset and Kitti-C (Lin et al.
2024) dataset. NuScenes-C adds natural corruption, includ-
ing exterior environments, interior sensors factors, and tem-
poral factors, based on NuScenes (Caesar et al. 2020). It in-
cludes six types of corruption and three levels of severity:
EASY, MID, and HARD. The KITTI-C dataset introduc-
ing 12 distinct types of data corruptions to the validation
set based on KITTI dataset (Geiger et al. 2013). Our method
compares with TTA methods, without introducing additional
source data and without relying on annotations.

Metrics. In the BEV based 3D object detection, We evalu-
ate the performance of our method with the official nuScenes
mertric, nuScenes Detection Score (NDS), which calculates
a weighted sum of mAP, mATE, mASE, mAOE, mAVE,
and mAAE. For the monocular 3D object detection task, we
present our experimental results in terms of Average Preci-
sion (AP) for 3D bounding boxes, denoted as AP;p|g,,-
Implementation Details. We implement our model based
on Pytorch on a single NVIDIA L20 GPU. The baseline
models used are BEVFormer (Li et al. 2022), Sparse4D (Lin
et al. 2022) and MonoFlex. In Nuscenes-C, to evaluate the
stability of TTA methods, the batch size was set to 1. In
the semantic-consistency-based dual-stage adaptation, we
set the learning rates 7 to 2e-8 and 2e-7, and learning ratio «
set at 0.1. The initial value of auxiliary learnable parameters
¢ in BN layers is set to le-5.

Quantitative Results

We compare our method with several TTA methods as
shown in Table 1, which can be classified into two main
categories, (1) adjusting model parameters based on unsu-
pervised training (ie, TENT (Wang et al. 2020)), (2) mod-
ifying the BN statistics (ie, ReviseBN (Benz et al. 2021),
AdaBn (Li et al. 2018), ARM (Zhang et al. 2021) )

The experimental results demonstrate that the BEV based
model is highly sensitive to Batch Normalization (BN)
statistics due to the number of parameters and model depth.
ARM and AdaBn have caused the model to collapse. These
methods have failed to predict the true distribution of the test
domain, particularly when the batch size is minimal.
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In response to this situation, the ReviseBN adjusts the
mixture coefficient of the EMA method in accordance with
the specific test domains. ReviseBN show significant im-
provements compared to the baseline in cases where the test
domain greatly shifted from the training domain. For exam-
ple, in the Motion blur corruption type, the average results
improved from 0.3330 to 0.3555 compared to the baseline,
However, when the test domain was similar to the train-
ing domain, ReviseBN led to a degradation of the model’s
predictive ability. For example, the average results of the
low light corruption type decreased from 0.3212 to 0.2631.
While the TENT method fine-tunes BN layer affine param-
eters using the EM loss. However, experiments show that
TENT decrease the accuracy across all scenarios. For ex-
ample, in the Low Light scenario, accuracy decreased from
0.4011 to 0.2636. This is because the TENT method, which
relies solely on the EM loss and directly modifies the model
parameters, causes the model to fully trust its initial predic-
tions, resulting in overconfidence and error accumulation.

Compared to these methods, our approach adaptively
learns the mixture coefficients, by adaptively learning the
mixture coefficients based on the different corruption sce-
narios and the varying depths of BN layers, which has over-
come the instability issues commonly encountered in adjust
BN statistics methods, and has effectively prevented model
collapse. Moreover, the introduction of the Lgcps signifi-
cantly improves the model performance. The results of the
experiments demonstrated that our method significantly en-
hanced the model’s capacity for generalization in scenarios
with severe domain shifts, including those involving fog,
motion blur, and low light. Furthermore, as the degree of
corruption increased, the efficacy of our method became in-
creasingly evident. To illustrate, compared to the baseline in
the low light corruption scenario, our method showed an im-
prove the average performance from 0.3212 to 0.3671. No-
tably, in the hard severity, the performance improved sig-
nificantly from 0.2274 to 0.3097. At the same time, our
method also demonstrated high stability in minimal domain
shift scenarios. In the Fog corruption scenarios, our method
avoids the performance degradation in model predictions
that is commonly observed with common TTA methods.
achieved the best average performance in the fog corruption
scenarios.

To learn more about how LearnableBN helps models per-



| Noise | Blur | Weather | Digital
Method | Gauss. Shot Impul. | Defoc. Glass Motion | Frost Fog  Brit. | Contr. Pixel. Sat.
Baseline 0.19 1.62 0.32 3.72 8.47 6.22 4.27 2.25 9.19 2.08 1.83 9.11
BN adaptation 6.21 8.20 9.20 7.83 5.35 7.52 6.47 9.24 9.12 9.93 12.73 9.76
TENT 6.02 7.96 9.57 7.75 6.06 8.63 6.71 9.91 10.26 | 10.55 12.33  10.27
EATA 6.05 7.96 9.74 7.93 6.06 9.01 6.24 9.94 9.07 10.02 1241 10.12
MonoTTA 6.54 8.41 9.39 7.63 7.12 8.99 7.64 1026 10.55 10.06 13.28 10.66
LearnableBN ‘ 9.73 10.00 9.65 ‘ 10.16 9.05 10.85 ‘ 8.09 9.62 13.13 ‘ 14.74 18.27 12.60

Table 2: Comparison of different TTA methods on the KITTI-C validation set regarding Mean AP3p|g,, with IoU threshold
set to 0.25 for the Pedestrian category. The baseline model is Monoflex . Bold: Best in the category.

| Motion Blur
Severity | Easy Mid Hard Avg
Sparse4D 0.4809 0.3189 0.269 0.3563
TENT 0.4868 0.368 0.3188 0.3912
ReviseBN 0.4533 0.374 0.3359 0.3877
AdaBN 0.1713 0.1737 0.1442 0.1630
LearnableBN ‘ 0.4962 0.3795 0.3360 0.4035

Table 3: Comparison of different TTA methods across three
levels of severity Motion Blur in Sparse4D with ResNet-
101 as the backbone. Bold: Best in the category. Underline:
Second best in the category.
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Figure 3: Comparison of detection results for Categories in
Snow scenarios using BEVFormer as the baseline.

form, we conducted experiments across ten different cate-
gories under snow corruption scenarios. As shown in Fig 3,
the experimental results indicate that the introduction of the
LearnableBN method did not result in a significant perfor-
mance improvement when the baseline was already per-
forming well. For instance, in the detection task for traf-
fic cones, LearnableBN achieved only about a 14% im-
provement. However, in the categories where the baseline
model performs poorly, the LearnableBN method delivers
significant improvements. Specifically, in the truck category,
LearnableBN achieved a remarkable improvement of up to
342% over the baseline. These improvements are crucial for
enhancing the reliability and safety of autonomous driving.
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Generalization Evaluation

Additionally, we substituted the baseline model with the
Sparse4D model and compared it with three representative
TTA methods in the Motion Blur corruption scenario. We
selected Motion Blur for comparison because it presents sig-
nificant domain shifts across the easy, mid and hard severity
levels, which helps us assess our method’s performance un-
der both minimal and severe domain shifts. As shown in Ta-
ble 3, The experimental results demonstrate that our method
exhibits robust performance across all severity levels, with
an average improvement in performance from 0.3563 to
0.4035 in comparison to the baseline. Consistent with the
experiment results using BEVFormer as the baseline model,
our method proves to be more stable than the methods that
adjust BN statistics. On the other hand, to further validate
the performance of the LearnableBN method in different
real-world scenarios and tasks, we tested various TTA meth-
ods (BN adaptation (Schneider et al. 2020), TENT (Wang
et al. 2020), EATA (Niu et al. 2022), MonoTTA (Lin et al.
2024)) on the KITTI-C dataset using the monocular 3D ob-
ject detection task, we compared the experimental results
presented in the MonoTTA paper (Lin et al. 2024). As shown
in Table 2, the experimental results show that under real-
world corruptions, the pre-trained model suffers from sig-
nificant performance degradation due to data distribution
shifts. While our proposed LearnableBN method brings a
substantial average performance improvement on MonoFlex
and maintains the best performance in detecting pedestrians
in the KITTI-C dataset. These experiments demonstrate that
the LearnableBN method is adaptable to a wide range of
base models, tasks, and real-world scenarios, highlighting
its broad applicability and generalizability.

Ablation Studies

Entropy Minimization. As shown in Table 4, The Learn-
ableBN based on EM loss significantly improves model per-
formance under Snow, Motion Blur, and Low Light corrup-
tions, but results in degradation in Fog, Color Quantization,
and Brightness scenarios. This indicates that relying solely
on EM to boost classification confidence is insufficient for
achieving robust object detection under diverse corruptions.
Geometric Confidence Maximization. As shown in Ta-
ble 4, compared to EM loss, after applying GCM to Learn-
ableBN significantly improves performance in all corruption



LearnableBN EM GCM  Dual-stage \ Snow Motion blur  Brightness = Low Light Fog Color Quant
0.2297 0.3330 0.4908 0.3212 0.4796 0.4184
v v 0.2509 0.3712 0.4583 0.3473 0.4625 0.4004
v v v 0.2687 0.3918 0.4680 0.3655 0.4309 0.4099
v v v v 0.2718 0.3938 0.4835 0.3671 0.4816 0.4192

Table 4: Ablation study of our method with LearnableBN, GCM(Geometric Confidence Maximization), EM( Entropy Min-
imization) and Dual-stage (Semantic-Consistency based Dual-Stage-Adaptation). Comparison of the average performance

across three levels of severity for six types of corruption.

(a) BEVformer (b) LearnableBN

Figure 4: BEV visualization results: green box is ground
truth, blue box is prediction, and red box highlight the dif-
ference before and after using LearnableBN.

scenarios. However, the experimental result also demon-
strates that even with the introduction of the GCM Loss,
the performance degradation in the Brightness and Color
Quant corruption scenario remains unresolved (performance
declined from 0.4908 to 0.4680, 0.4184 to 0.4099). This is
due to the challenges of learning from unstable samples.
Semantic-Consistency based Dual-Stage-Adaptation. Af-
ter introducing the semantic-consistency based dual-stage-
adaptation method, compared to the results of only apply-
ing EM and GCM to the baseline, we resolved the degra-
dation in the Brightness, Color Quant and Fog corruption
scenarios. This improvement is attributed to the dual-stage
training, which filtered out unstable samples and further en-
hanced the stability of the training process. Additionally,
performance improvements were also observed in the Snow,
Motion Blur, and Low Light corruption scenarios. This is
attributed to the adjustment of the learning rate during the
dual-stage-adaptation, which encourages the model to con-
verge to a globally optimal solution.

Qualitative Results

To verify the effectiveness of our LearnableBN method, we
utilized BEVFormer as the baseline and focused on snow
scenario for visualization analysis. Fig. 4 presents the de-
tection results in the BEV perspective, where Fig. 4a shows
results of BEVFormer, while Fig. 4b shows results of BEV-
Former after applying the LearnableBN method. It is clear
from the figure that more objects can be detected after apply-
ing our proposed LearnableBN method. Furthermore, Fig. 5
provides visualization results from six different perspec-
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Figure 5: Visualization results from six perspectives, with
red boxes highlighting the difference before and after ap-
plying our LearnableBN. Cars are in yellow, pedestrians in
blue, and cyclists in green.

tives, where Fig. 5a represents the detection results of BEV-
Former, and Fig. 5b illustrates the results of BEVFormer af-
ter applying LearnableBN. It can be observed that extreme
weather conditions significantly degrade the detection abil-
ity of BEVFormer. By applying LearnableBN, not only were
more objects detected, but also erroneous predictions were
corrected compared to the baseline.

Conclusion

In this paper, we presented a LearnableBN to improve the
robustness of perception models in real-world autonomous
driving, which introduced auxiliary learnable parameters to
the BN layer, and adopted the GCM and EM loss function.
Additionally, we employed the semantic-consistency based
dual-stage adaptation to enhance generalization. Compre-
hensive experimental results demonstrated the effectiveness
and superiority of our proposed methods.
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