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Abstract - Weather conditions, including rain, snow, fog and low light, degrade the accuracy of modern object detectors by up 

to 40%. The same weather conditions are when reliable detection of vulnerable road users is needed most for enhanced road 

safety. Current TTA (Test Time Adaptation) approaches allow unconstrained gradient update, which may cause catastrophic 

forgetting, parameters diverge and invalidate certification. This paper presents SAFE-TTA, a framework that interprets Test-

Time Adaptation as a Safety-Constrained Gradient-Free Optimization Problem. It includes four elements: (1) A SAFE adapter 

for low-rank residual feature transformations, with less than 9,000 trainable parameters in total; (2) Epistemic-Coupled 

Dynamic Envelopes (ECDE): Using Evidential Deep Learning, the adaptable area is dynamically reduced by evidentially 

derived limits on the increase of epistemic uncertainty. Under such extreme OOD scenarios, it will automatically revert back to 

the unadaptable baseline; (3) Constrained Evidential Particle Swarm Optimizer (CE-PSO); (4) Safety Monitor - providing 

analytically computable feature-space deviation bounds with automatic fail-safe reversion. under a zero-shot evaluation across 

four adverse-weather benchmarks (Foggy Cityscapes; BDD100K rain, snow, and night; ACDC), SAFE-TTA achieves 49.2 ± 

0.4% average mAP@0.5 with a 31.4% relative reduction in pedestrian false negative rate at 42+ FPS with 1.8 ms per-frame 

overhead. All results are mean ± std over five independent runs. SAFE-TTA operates as an architecture-agnostic wrapper 

supporting both YOLOv11 and RT-DETR backbones. 

Keywords - Test-Time Adaptation, Object detection, Autonomous navigation, Evidential Deep Learning, Epistemic uncertainty. 

1. Introduction 
Autonomous vehicle systems require a robust 

understanding of their surroundings before they can safely 

navigate through them. Many current object detection models 

have demonstrated very high levels of precision using both 

two-stage architecture methods that include Faster R-CNN 

[1], and also, one-stage or anchor-free variants; as well as 

recent transformer-based architectures that have been shown 

to be competitive to humans when detecting objects under 

ideal lighting conditions with no adverse weather conditions. 

However, autonomous vehicle systems are designed to 

operate effectively throughout all types of environmental 

conditions. For example, fog will reduce visibility and the 

amount of detail available from a distance by applying 

Koschmieder's law, which describes an exponential decrease 

in the intensity of light with increasing distance. Rain creates 

glare caused by water droplets on camera lenses. Snow 

changes the texture of surfaces, creating less visual distinction 

between roads and obstacles. Low-lighting conditions greatly 

decrease the signal-to-noise ratio of camera sensor signals. 

Evaluating models on adverse weather benchmark datasets 

such as Foggy Cityscapes [2], BDD100K [3], and ACDC [4] 

clearly shows that detection model performance has decreased 

by 15 – 40 % mAP compared to baseline models without 

adverse weather conditions. Specifically, there was a 

significant drop in mAP for Vulnerable Road Users (VRU) 

who are critical to safety due to increased difficulty of 

detection during adverse weather conditions. More 

specifically, recent studies indicate a density-fog [2] 

pedestrian-miss-rate greater than 40%, while night-time-

condition [4] false-negative-rate increase of 25 – 35%. These 

numbers reflect the size of the safety gap. 

 

The decline of predictive performance with changes to a 

source domain has encouraged new methods for Test-Time 

Adaptation (TTA). TTA seeks to adapt an existing trained 

model to conditions on a new target domain while having no 

access to additional labelled target training samples. 

Pioneering approaches include TENT [5], which adjusts the 

affine parameters of batch normalization at each iteration to 

minimize predictive entropy, as well as CoTTA [6], which 

applies stochastic restoration and makes continual adaptations 

based on averaged augmentation-predictions. Both methods 

show significant improvement in predictive accuracy when 
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applied under different distributions. Refinements have since 

been made to these initial attempts. SAR [7] is an example of 

one such refinement, where it incorporates "sharpness-aware" 

minimization, whereas MEMO [8] uses test-time 

augmentation consistency, EATA [9] uses sample-adaptive 

entropy thresholds, and RoTTA [10] incorporates a robust 

form of batch normalization to specifically address 

shortcomings of previous work. These refinements are 

designed to address two common issues: how catastrophic 

forgetting can occur under continuous shifts in domains and 

how sensitive the method may be to the number of samples 

within each mini-batch. 

 

Although there has been a lot of progress in Test-Time 

Adaptation (TTA), it is limited by four major shortcomings 

that make TTAs inappropriate for use in safety-critical 

systems such as autonomous perception. The first limitation is 

related to the problem of the divergence of parameters due to 

gradient-based optimizers, especially when there is significant 

or large domain drift.  

 

In addition to this, many existing TTAs do not have 

mechanisms that provide formally bounded constraints on 

how much to perturb the parameters. Therefore, if a TTA 

system uses an aggressive adaptation step, it can significantly 

alter the feature representations it learns from its data and 

consequently affect the ability of the system to detect what is 

present in its environment. The second limitation is that TTAs 

using backpropagation are generally computationally 

expensive. The third limitation is that existing methods adapt 

only batch-normalisation parameters, leaving the deeper 

feature extractor fixed. The fourth limitation is the absence of 

any analytically derived bound on how far adapted features 

may deviate from source-trained representations, making 

verifiable fail-safe behaviour impossible. This makes it 

difficult to meet the very short response times required by 

most autonomous perception applications. Most of these types 

of applications require all of the processing steps necessary to 

produce a single image to be completed in less than 30 – 50 

ms. The last and perhaps most important limitation is that 

currently there does not exist a TTA system that includes 

analytically-derived bounds on how much the features used in 

learning will deviate from their original values during 

adaptation. 

 

Limitations of test time adaptation motivate the 

development of a new approach to TTA in this work: SAFE-

TTA. SAFE-TTA is an advanced framework that significantly 

alters how one thinks about test time adaptation as a safety-

concerned optimization problem with no gradients. Unlike 

other TTA frameworks, which perform completely free and 

unconstrained gradient updates to model parameters, SAFE-

TTA uses a lightweight adapter module that operates at a 

deliberately low-dimensional parameter space and restricts the 

degrees of freedom available for adaptation. These constraints 

are further enforced by Epistemic Coupled Dynamic 

Envelopes (ECDE). ECDE leverages uncertainty estimates 

from Evidential Deep Learning (EDL)[11] to automatically 

contract the search space of permissible parameter changes as 

epistemic uncertainty increases. When the model encounters 

data far from its training distribution — precisely the situation 

where unconstrained adaptation can be most harmful — 

ECDE automatically tightens the bounds on permissible 

parameter changes. If the model cannot find solutions within 

the envelope, it will gravely degrade towards the unadapted 

baseline rather than risking divergent behaviour. Optimization 

within these dynamic constraints is performed by Constrained 

Evidential Particle Swarm Optimization (CE-PSO), a 

gradient-free algorithm that maintains a population of 

candidate solutions within the ECDE envelope.

 

 
Fig. 1 SAFE-TTA overall architecture 
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Figure 1 illustrates the overall SAFE-TTA architecture 

consisting of two interconnected rows. The top row shows the 

forward detection pipeline: an adverse-weather frame passes 

through the frozen backbone (YOLOv11-L or RT-DETR-L), 

the SAFE Adapter (8,704 trainable parameters), and the 

Evidential Head to produce adapted detections with per-object 

uncertainty. The bottom row shows the adaptation control 

loop: the Evidential Head feeds uncertainty u_t to the ECDE 

module, which computes the dynamic envelope Ω(u_t) 

bounding the CE-PSO gradient-free optimizer. Optimized 

parameters θ* flow back to update the Adapter (dashed 

arrow). The Safety Monitor enforces bounded deviation and 

fail-safe reversion at every frame. 

 

The core innovation of this research is to have developed 

a single integrated system using all three previously 

established modules– low-rank adapters, EDL and PSO - into 

one coherent framework via an ECDE-based mechanism. This 

mechanism enables a closed-loop relationship between the 

amount of uncertainty and the magnitude of adaptations, 

which none of the existing TTA methods provide. The current 

work only covers weather-induced shifts for single camera-

based 2D object detection. As a future extension, the focus 

will shift to multi-modal perception and 3D detection. 

 

The specific research gap addressed in this work can be 

summarized as follows. Existing TTA approaches for object 

detection, including TENT [5], CoTTA [6], SAR [7], MEMO 

[8], EATA [9], and RoTTA [10], rely on unconstrained 

gradient-based parameter updates that lack any formal 

mechanism to bound how far the adapted model is permitted 

to drift from its certified baseline. More recent continual and 

detection-oriented TTA methods, such as EcoTTA [12], 

VPTTA [13], Continual-MAE [14], SPARNet [15], AMROD 

[16], VLOD-TTA [17], and BCA+ [18], improve efficiency or 

extend TTA to new settings, but none of them couple an 

explicit uncertainty-driven adaptation envelope with a 

gradient-free optimizer and an analytically derived, feature-

space deviation bound.  

 

Consequently, none of these methods can provide the 

guarantee that, under extreme distribution shift, the system 

will provably revert toward its unadapted, certified behaviour. 

This absence of a bounded, fail-safe, and gradient-free 

adaptation mechanism for safety-critical autonomous 

perception constitutes the research gap that SAFE-TTA is 

designed to close. Relative to this body of prior work, the 

novelty of SAFE-TTA is therefore not any single component 

in isolation – low-rank adapters, evidential uncertainty 

estimation, and particle swarm optimization are each 

individually well established – but the manner in which ECDE 

couples evidential epistemic uncertainty directly to the size of 

the CE-PSO search space, yielding an adaptation procedure 

whose worst-case behaviour is analytically bounded and 

whose fail-safe direction is always toward the certified 

baseline, as summarized comparatively in Table 1. 

(i) A new approach to Test-Time Adaptation for Object 

Detection called SAFE-TTA is presented. This method turns 

unconstrained gradient-based test time adaptation into an 

analytically constrained, gradient-free optimization problem 

where the constraints represent the safety limits. This 

represents a new way of structuring adaptive methods in terms 

of safe feature modification. 

 

(ii) The SAFE adapter module was also developed. It 

consists of a low rank residual feature transformer with less 

than 9,000 trainable parameters (0.02 % of the number of 

trainable parameters of most backbone networks). As such, it 

can be run at close to real-time speeds without a significant 

increase in computational load. 

 

(iii) The Epistemic Coupling Dynamic Envelope (ECDE) 

method was developed. This coupling dynamically adjusts the 

amount of evidence required to adapt with increasing 

uncertainty in what is known about the environment. Thus, 

when there is high epistemic uncertainty, the amount of 

adaptation will decrease towards zero, thus preventing unsafe 

behaviour. 

 

(iv) Constrained Evidential Particle Swarm Optimization 

(CE-PSO) is designed as a warm-started, gradient-free 

optimizer operating within ECDE bounds, with a theoretical 

dynamic regret analysis yielding a bound of 

𝑂 (√(𝑇(1  +  𝑉𝑇)))here 𝑉𝑇 measures cumulative domain 

drift. 

 

(v) Comprehensive experimental validation is provided, 

demonstrating strong performance gains across four adverse-

weather benchmarks with 6.5+ mAP improvement over the 

best competing TTA method, 31.4% reduction in pedestrian 

false negative rate, and architecture-agnostic deployment on 

both YOLOv11 and RT-DETR backbones. 

 

2. Related Work  
2.1. Test-Time Adaptation  

Adapting pre-trained models to an application's target 

environment using only unlabelled test data is known as test-

time adaptation. Unlike source data access, test time 

adaptations do not use any labelled training data or examples. 

TENT [5] demonstrated that changing the values of the affine 

parameters in Batch Normalization can lead to performance 

improvement when subject to common corruptions.  

 

As part of its continual adaptation strategy, CoTTA [6] 

extends the work of TENT through stochastic parameter 

restoration and augmented-averaged pseudo labels to decrease 

noise. EATA [9] demonstrates that applying sample adaptive 

entropy thresholding with Fisher regularization can be used to 

prevent "forgetting" in continual adaptation. SAR [7], which 

was developed in order to address the issue of sharpness 
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sensitivity when using Entropy Minimization, introduced 

sharpness-aware update methods, such as flat minimum 

preference, which improved the robustness against variations 

in hyperparameters and batch compositions. MEMO [8] also 

used marginal entropy minimization over augmentations for 

the purpose of adapting predictions based upon the 

consistency of prediction performance across multiple test 

time augmentations of a single input image (sample), thus 

allowing successful adaptation with a single sample, and no 

batch requirement. More recent breakthroughs in TTA also 

provide solutions for ongoing and detection-based TTA. 

EcoTTA [12] provides a way of continually adapting through 

memory-efficient means of self-distillation using lightweight 

meta networks (with a reduction of GPU memory use of 86%). 

VPTTA [13] proposes image-specific prompt tuning where 

the model parameter is frozen in place completely at all times 

to eliminate catastrophic forgetting by design. Continual MAE 

[14] utilizes masked auto encoders that utilize distribution-

aware masking techniques to ensure continued adaptation in 

environments that do not remain stationary.  

 

SPARNet [15] offers sample partition strategies as well 

as anti-forgetting regularization. AMROD [16] targets 

continual TTA for object detection, providing an adaptive 

monitor module that will skip adapting when it is not 

necessary; thus, improving performance by 3.2% mAP. 

VLOD-TTA [17] extends the application of TTA into the 

domain of vision language detectors such as YOLO-World. 

BCA + [18] proposes a gradient-free Bayesian approach to 

TTA for vision language models. Despite effectiveness for 

classification, these methods share critical limitations for 

detection: all perform unconstrained gradient updates without 

formal deviation bounds, adapt only BN parameters, and none 

provide convergence bounds for non-stationary streaming 

data. 

 

2.2. Object Detection under Adverse Weather 

The object detection in poor weather was attempted by 

using three approaches of image restoration, domain adaption 

and robust architectural designs for bad weather. The 

restoration-based methods like de-haze [19], de-rain [20], and 

multi-weather restoration [21] are used to restore degraded 

images before detecting objects, thus potentially distorting 

relevant feature information from object detection. The 

domain adaptive detectors that include DA Faster R-CNN [22] 

for training a detector with aligned feature representations 

using adversarial learning; and SIGMA [23], that is designed 

for semantic graph matching, also improved performance over 

the non-domain adaptive detectors; however, they all required 

the target domain's data for training. 

 

Recent developments (2023 – 2025) are encouraging 

development in this area of research. The two-stage adaptive 

approach, using both Pix2Pix based GAN restoration as well 

as YOLO v8 detection [24], is an example of increased 

resistance to fog, rain and low light conditions. In addition, 

another example of using an autoencoder to dehaze images is 

found in [25]. This model, called YOLO-DH, incorporates 

wavelet-based channel attention into its architecture to support 

autonomous vehicle detection. In addition to the above 

examples, Fan et al. [26] used domain-invariant training along 

with continual testing for better performance; they were able 

to produce top-performing results on ACDC and BDD100K. 

Although Aloufi et al. [27] demonstrated that the use of 

attention-enhanced versions of YOLO can provide good 

results when detecting weather-specific information, those 

same results do not generalize well across domains. Another 

example of improving detection of weather-related issues 

through the use of merging data strategies with YOLOV8 was 

found in Kumar & Mohammed [28]; however, that strategy 

also relies on having access to weather-specific training data. 

Finally, Ozcan et al. [29] have used meta-heuristics to 

optimize detection systems, while LDETR [30] has used 

transformers to develop a low-light detector system. The IA-

YOLO [31] system introduced image-adaptive object 

detection using differentiable pre-processing. However, it also 

uses weather-specific training. Therefore, SAFE-TTA is 

unique among these other methods because it adapts during 

testing and does so without exposing the system to the target 

domain. It uses a gradient-free method to adapt, which 

provides analytical safety bounds. 

 

2.3. Evidential Deep Learning 

Evidential Deep Learning (EDL), as outlined in [11], 

presents a theoretical basis for estimating uncertainties 

through the placement of Dirichlet distributions on probability 

values for classes; this approach allows for the calculation of 

both aleatoric and epistemic uncertainty in a closed form 

during one pass. The use of ensembles [32] and/or Monte 

Carlo dropout [33] requires additional passes and, therefore, 

greater computational resources than does EDL; however, the 

application of EDL to object detection [34], semantic 

segmentation [35], and open-set classification [36] are all 

recent applications of this technique. The critical property 

used in SAFE-TTA for determining adaptation magnitude is 

that, as a test input moves away from the training data 

distribution, the level of epistemic uncertainty will increase 

uniformly. Therefore, it can be used as an indication of when 

to begin adapting. Recent developments greatly expand the 

domain in which the EDL method may be applied, namely, 

toward detection. Recent DETR-based [37] methods replace 

point-estimate regression with direct posterior distribution 

learning using EDL, jointly modelling classification and 

localization uncertainty in an end-to-end manner. 

Complementary work establishes Object-Level Calibration 

Error (OCE) metrics for evaluating DETR reliability. Further, 

EvCenterNet [38] has extended this use case to sample-free 

2D object detection that uses an uncertainty-aware Ev-Center 

head. Also, flexible EDL [39], adapted the evidence function 

so as to improve the epistemological aleatoric separation of 

the two; density-aware EDL [40] has improved out-of-

distribution detection through estimating density. 
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2.4. Particle Swarm Optimization 

The Particle Swarm Optimization Algorithm (PSO), as 

described in [41], uses a method of optimizing fitness function 

values by iteratively updating velocities and positions of 

candidate solution vectors. This gradient-free search 

capability is suitable for detecting objects that have non-

differential objective functions containing both IoU matching 

and/or NMS. Some constrained forms of this algorithm have 

been developed to ensure the candidate solutions remain 

feasible. Specifically, constraints on the PSO have been 

implemented through clamping of the velocity vectors; the 

proposed CE-PSO has extended the basic PSO approach using 

a warm start of solutions within bounded constraints from an 

ECDE (Entropy-Based Covariance Decomposition Estimate); 

also, it has incorporated a weighted fitness value based upon 

uncertainty in the object detection process. 

 

2.5. Recent Advances in TTA for Object Detection 

The methods reviewed in Section 2.1 share a common 

limitation: none establishes formal bounds on parameter 

deviation. Foundation model solutions such as VLOD-TTA 

[17] rely on a priori vision-language knowledge, and 

sensitivity-guided pruning approaches such as BCA+ [18] 

provide selective layer-wise adaptation, but neither imposes 

analytical bounds. SAFE-TTA addresses this gap through 

ECDE-bounded adaptation. 

 

2.6. Safety in Learning-Based Systems 

The use of learning-based perception in Safety Critical 

Systems will be influenced by standards such as ISO 26262 

(Functional Safety) and ISO 21448 (SOTIF). As well, there is 

an increasing regulatory environment around the certification 

of Artificial Intelligence systems. In addition to requiring that 

no new hazards or unsafe conditions are created when a 

system modification is made, these standards also state that 

the modification should not invalidate existing safety case 

information. Gradient-based TTA methods do not meet this 

requirement because they allow for arbitrary (unconstrained) 

perturbation of the parameters of the model. Both formal 

verification approaches [42], which can provide input/output 

guarantees but are very computationally expensive for 

complex models like those used in object detection, and 

runtime monitoring approaches [43], which detect violations 

post hoc and therefore cannot prevent them from occurring. 

SAFE-TTA fills this gap with both constructive analytic 

bounds and automated fail-safe reversion. Therefore, it does 

not invalidate or diminish existing safety assessment 

methodologies. 

 

2.7. Additional Recent Approaches 

Beyond the methods discussed above, several additional 

recent studies further motivate the present approach. Dai et al. 

[44] proposed a Curriculum-Based Domain Adaptation 

strategy (CMAda) that progressively adapts a segmentation 

model from light synthetic fog to dense real fog, achieving 

strong gains on Foggy Zurich and Foggy Driving; however, 

this approach requires labelled synthetic target-domain data 

and offline retraining across curriculum stages, which is 

incompatible with the strictly test-time, label-free setting 

addressed here. Yang et al. [45] reviewed sources of 

uncertainty in onboard autonomous-vehicle algorithms and 

the available mitigation strategies, and highlighted the lack of 

frameworks that translate epistemic uncertainty estimates into 

formally bounded corrective actions, a gap that the proposed 

ECDE mechanism directly targets. Liu et al. [46] proposed 

ECL-YOLOv11, an edge-enhanced, context-guided 

lightweight YOLOv11 variant for adverse-weather 

automotive vision that fuses edge features with convolutional 

features to retain boundary information; this redesign 

improves robustness through architectural modification at 

training time, but the resulting network remains fixed once 

deployed and cannot adjust its behaviour to the uncertainty of 

an individual test-time frame as ECDE does. These additional 

comparisons reinforce that, while individual elements such as 

curriculum-based domain adaptation, uncertainty-aware 

perception, and architectural redesign for weather robustness 

have each been explored separately, no prior work integrates 

them into a single gradient-free, analytically bounded, fail-

safe adaptation framework of the kind proposed here. 

 
Table 1. Comparison of TTA methods along key dimensions 

Method Year Gradient-Free Bounded Adapt. Real-Time Safety Guarantee 

TENT [5] 2021 ✗ ✗ ✓ ✗ 

CoTTA [6] 2022 ✗ ✗ ✓ ✗ 

SAR [7] 2023 ✗ ✗ ✓ ✗ 

MEMO [8] 2022 ✗ ✗ ✗ ✗ 

EATA [9] 2022 ✗ ✗ ✓ ✗ 

RoTTA [10] 2023 ✗ ✗ ✓ ✗ 

CD-Buffer [47] 2025 ✗ ✗ ✓ ✗ 

SAFE-TTA 2026 ✓ ✓ ✓ ✓ 

Table 1 provides a systematic comparison of existing 

TTA methods against SAFE-TTA across four critical 

dimensions for safety-critical deployment. Gradient-Free 

indicates whether the method avoids backpropagation during 

adaptation, eliminating the risk of gradient explosion under 

severe domain shift.  
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Bounded Adaptation indicates whether the method 

formally constrains the magnitude of parameter perturbations 

during adaptation. Real-Time indicates compatibility with 

autonomous driving latency requirements (>30 FPS). Safety 

Guarantee indicates whether the method provides analytical 

bounds on adaptation-induced deviation with automatic fail-

safe reversion.  

 

As shown, all existing methods (TENT through CD-

Buffer) rely on gradient-based updates without formal bounds 

on adaptation magnitude, and none provide safety properties. 

MEMO additionally fails the real-time criterion due to multi-

augmentation overhead. SAFE-TTA is the only method that 

simultaneously satisfies all four properties through the 

integration of CE-PSO (gradient-free), ECDE (bounded 

adaptation with fail-safe), and the lightweight SAFE Adapter 

(real-time compatible at 42+ FPS). 

 

3. Problem Formulation  
This section formalizes the safety-constrained test-time 

adaptation problem for object detection under adverse weather 

conditions. Let a pre-trained object detector consist of a 

backbone feature extractor and detection head, jointly denoted 

as a mapping from input images to detection outputs. The 

detector is trained on a source domain. 𝐷𝑠 = (𝑥𝑠
𝑖 , 𝑦𝑠

𝑖) under 

favorable weather conditions, where 𝑥𝑠
𝑖  denotes an input 

image and 𝑦𝑠
𝑖 = (𝑏𝑗 , 𝑐𝑗) denotes the corresponding set of 

bounding box annotations b_j with class labels 𝑐𝑗. 

 

At the time of deployment, the detector will be presented 

with an example of the target domain D_t under adverse 

environmental conditions. The distributional shift is modelled 

using a weather-dependent degradation function. 𝑔𝑤 which 

degrades images taken from a source to produce weather-

corrupted observations:  𝑥𝑡 = 𝑔𝑤(𝑥𝑠 , 𝜀), where ε captures 

random parameters for weather conditions (fog density, rain 

intensity, amount of snow coverage, ambient lighting). Most 

importantly, there are no labels present for target data at the 

time of adaptation, and the conditions of weather may vary 

continually between frames in real-time video streams. 
 

The frozen backbone extracts feature vectors 𝑓(𝑥𝑡) ∈ ℝ𝑑 

from the input frame. The goal is to learn a lightweight adapter 

function parameterized by θ that modulates these features to 

compensate for weather-induced degradation: 
 

        𝑓(𝑥𝑡; θ) = 𝑓(𝑥𝑡) + 𝐴θ(𝑓(𝑥𝑡))                              (1) 

The standard TTA formulation seeks to minimize a self-

supervised adaptation objective J(.) over the adapter 

parameters. However, unconstrained optimization of θ risks 

arbitrary deviation from the source-trained representations. 

SAFE-TTA introduces the following constrained formulation: 

    𝜃 ∗= 𝑎𝑟𝑔𝑚𝑖𝑛𝜃𝐽(𝜃; 𝑥𝑡)𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜𝜃𝑖 ∈ [𝜃𝑖
0 − 𝛺(𝑢𝑡), 𝜃𝑖

0 +
𝛺(𝑢𝑡)]∀𝑖                                                                              (2) 

Where 𝜃₀ represents the initial (unadapted) parameters, 𝑢𝑡 

is the epistemic uncertainty estimate calculated via EDL, and 

𝛺(𝑢𝑡) is the ECDE envelope radius that contracts as 

uncertainty rises.  

 

This formulation makes sure of three critical safety 

properties: (a) bounded deviation — adapted features cannot 

drift beyond a controllable radius; (b) uncertainty coupling — 

adaptation magnitude is inversely related to epistemic 

uncertainty; and (c) fail-safe behavior — as epistemic 

uncertainty approaches its maximum value, the ECDE 

envelope contracts to zero, reverting the framework to the 

unadapted detector baseline.  

 

The optimization of Equation (2) is carried out using CE-

PSO, a gradient-free algorithm that avoids backpropagation 

completely. The fitness function 𝐽(𝜃; 𝑥𝑡) merges a detection-

quality surrogate loss with uncertainty regularization: 

𝐽(𝜃; 𝑥𝑡) = 𝐿𝑑𝑒𝑡(𝑓(𝑥𝑡; 𝜃)̃ ) + 𝜆𝑢 · 𝑚𝑒𝑎𝑛(𝑢𝑡) + 𝜆𝑐 ·

𝐿𝑐𝑜𝑛𝑠𝑖𝑠𝑡(𝜃)                                                         (3) 

 
The self-supervised detection consistency loss of 𝐿𝑑𝑒𝑡 

combines three aspects: (a) Augmentation Consistency — 

Kullback-Leibler Divergence from the prediction made for an 

original frame to the one for its augmented version; (b) 

Temporal Consistency — IoU weighted Euclidean Distance 

between the predictions for two successive video frames; (c) 

Confidence Entropy, with respect to the probability 

distribution p̂ over the set of detections.  

The necessity of a Gradient-Free CE-PSO lies in the fact 

that the fitness function is based on Non-Differential 

Components, such as IoU matching and NMS, which do not 

provide clean gradients. 

4. Methodology 
4.1. SAFE Adapter Module 

  The SAFE Adapter is a lightweight, low-rank residual 

transformation module inserted between the frozen 

backbone's feature extractor and detection head. Given input 

features 𝑓(𝑥𝑡) ∈ ℝ𝑑  extracted by the frozen backbone, the 

Adapter computes modulated features as: 

   𝑓(𝑥𝑡; 𝜃)̃ = 𝑓(𝑥𝑡) + 𝐷𝑠 ⊙ (𝑊𝑢 · 𝑊𝑑 · 𝑓(𝑥𝑡)) + 𝑏𝜃  (4) 

 

where 𝑊𝑑 ∈ ℝ(𝑟×𝑑) is a down-projection matrix that 

maps a feature to a low-rank subspace of dimension 𝑟 ≪

𝑑, 𝑊𝑢 ∈ ℝ(𝑑×𝑟) is an up-projection matrix that maps back to 

the original dimension, 𝐷𝑠 ∈ ℝ𝑑  is a diagonal scaling vector 

that modulates the contribution of each feature channel, and 

𝑏𝜃 ∈ ℝ𝑑 is a bias shift vector. The total parameter count is 

||𝜃|| = 2𝑑𝑟 + 2𝑑. 𝐹𝑜𝑟𝑑 = 256 and 𝑟 =  16, this yields 

||𝜃|| = 8,704 trainable parameters—approximately 0.02% of 

a typical YOLOv11-L backbone with 25.3M parameters. The 
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low-rank factorization is used for both purposes. It limits the 

representational ability of the Adapter to a lower-dimensional 

space so that the Adapter will not be able to remember "noise" 

or fit to transitory behavior on a frame-by-frame basis. 

Additionally, this low rank factorization allows the 

computations of the Adapter forward pass to be done 

efficiently; three operations are needed, namely two matrix 

vector products, one hadamard product (elementwise 

product), and one vector addition, which can be completed in 

less than 0.1 milliseconds. 

 
Fig. 2 SAFE Adapter internal architecture 

Figure 2 depicts the internal architecture of the SAFE 

Adapter module. Three property boxes at the bottom highlight 

the design principles: the low-rank bottleneck prevents 

overfitting, the residual design ensures identity output at 

initialization, and every parameter is bounded within the 

ECDE envelope at all times. The residual connection ensures 

that at initialization (θ = 0), adapted features equal unadapted 

features exactly. Combined with ECDE bounds, adapted 

features remain within a controllable neighbourhood of source 

representations.  

4.2. Epistemic-Coupled Dynamic Envelopes (ECDE) 

A key feature of the ECDE mechanism is that it integrates 

the estimation of the evidential (epistemic) uncertainty into an 

adaptive system. This integration allows a principled feedback 

control loop to be created, which dynamically controls how 

aggressive or conservative the adaptation will be depending 

on the amount of confidence the model has in its predictions. 

 

The evidential detection head parameterizes a Dirichlet 

distribution 𝐷𝑖𝑟(𝛼1, … , 𝛼𝐾) over class probabilities for each 

detected object, where K is the number of classes. The 

Dirichlet concentration parameters 𝛼𝑘 are computed as 𝛼𝑘 =
𝑒𝑥𝑝(𝑜𝑘) + 1, where o_k are the network logits. The epistemic 

uncertainty for a detection is computed as: 

𝑢 = 𝐾/𝑆𝑤ℎ𝑒𝑟𝑒𝑆 = 𝛴𝑘=1
𝐾 𝛼𝑘                                       (5) 

Here 𝑢 ∈ (0,1] represents the epistemic uncertainty, with 

𝑢 →  0 indicating high confidence (all evidence concentrated 

on a single class) and 𝑢 →  1 indicating maximum ignorance 

(uniform Dirichlet). The frame-level uncertainty 𝑢𝑡 is 

computed as the mean epistemic uncertainty across all 

detections in frame t. 

 

The ECDE envelope radius is defined as a sigmoid 

function of the epistemic uncertainty: 

        𝛺(𝑢) = 𝛺𝑚𝑎𝑥 · 𝜎(−𝛽(𝑢 − 𝜏))                               (6) 

where 𝛺𝑚𝑎𝑥 is the maximum adaptation radius, 𝜎(𝑧) =

1/(1 + 𝑒𝑥𝑝(−𝑧)) is the sigmoid, 𝛽 >  0 controls steepness, 

and 𝜏 ∈ (0,1) is the midpoint threshold. The sigmoid is chosen 

over alternatives (linear, hard-threshold, exponential) because 

it jointly satisfies: (a) infinite differentiability — no 

discontinuous jumps; (b) natural [0,1] boundedness without 

clamping; and (c) probabilistic interpretation as posterior 

source-membership probability. A linear envelope lacks 

saturation; a hard threshold introduces discontinuities; an 

exponential contract too aggressively. The sigmoid provides 

near-full adaptation for 𝑢 ≪  𝜏, rapid contraction around 𝑢 ≈
 𝜏, and asymptotic convergence to zero for you ≫ τ. 
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Fig. 3 ECDE envelope 

 
4.3. Constrained Evidential Particle Swarm Optimization 

(CE-PSO) 

  CE-PSO is a gradient-free optimiser specifically 

designed for safety-constrained test-time adaptation. The 

algorithm maintains a swarm of N candidate adapter 

parameter vectors 𝑥1, … , 𝑥𝑁, each with an associated velocity 

vector 𝑣1, … , 𝑣𝑁. At each PSO iteration k within a frame, 

particles update their velocities and positions according to: 

  𝑣𝑖
(𝑘+1)

= 𝜔 · 𝑣𝑖
𝑘 + 𝑐1𝑟1 · (𝑝𝑖 − 𝑥𝑖

𝑘) + 𝑐2𝑟2 · (𝑔 − 𝑥𝑖
𝑘)   (7) 

 

𝑥𝑖
(𝑘+1)

= 𝑐𝑙𝑖𝑝(𝑥𝑖
𝑘 + 𝑣𝑖

(𝑘+1)
, [𝜃0 − 𝛺(𝑢𝑡), 𝜃0 + 𝛺(𝑢𝑡)])  (8) 

 

where ω is inertia weight, c₁, c₂ are cognitive and social 

coefficients, r₁, r₂ ~ Uniform (0,1), 𝑝𝑖  is personal best, and g is 

global best. The critical modification is the clip operation in 

Equation (8), projecting positions into the ECDE-bounded 

feasible region after each update. 

 

Temporal warm-starting is essential for real-time 

operation. At frame t, particles are initialized as 𝑥𝑖
(𝑡,0)

=

𝑔(𝑡−1) + 𝜂𝑖, where 𝑔(𝑡−1) is the global best from the previous 

frame and 𝜂𝑖 ∼ 𝑁(0, 𝜎𝑖
2𝑛𝑖𝑡𝐼) is isotropic Gaussian noise. This 

initialization exploits temporal coherence—consecutive 

frames typically exhibit similar weather conditions—to 

reduce the number of iterations required for convergence. 

The iteration count K is determined adaptively at each 

frame using the following convergence criterion. Let 𝛥𝐽𝑘 =

𝐽(𝑔(𝑘−1)) − 𝐽(𝑔𝑘) denote the fitness improvement at iteration 

𝑘. The adaptive termination rule is: 

 

       𝐾𝑡 = 𝑚𝑖𝑛𝑘: 𝛥𝐽𝑘/𝐽(𝑔0) < 𝜀𝑠𝑡𝑜𝑝, 𝑜𝑟𝑘 = 𝐾𝑚𝑎𝑥     (9) 

 

where ε_stop = 0.01 is the relative improvement threshold 

and K_max = 7. Under stable conditions, 2–3 iterations suffice 

due to the warm-start advantage. Under rapid drift, 5–7 

iterations are used. The adaptive scheme saves approximately 

35–40% of PSO computational budget on average. 

 

Figure 4 presents the CE-PSO per-frame optimization 

flow corresponding to Algorithm 1. The top row shows the 

initialization pipeline (steps 1–5): frame arrival, frozen feature 

extraction, uncertainty computation, ECDE bound 

calculation, and warm-started swarm initialization.  

 

The middle-dashed box shows the PSO iteration loop 

with four sub-steps (evaluate fitness, update velocities, update 

positions with ECDE clipping, update best), repeating 

adaptively 2–7 times. The bottom row shows the output stage: 

optimized θ* applied to the Adapter, producing adapted 

detections with a computable deviation bound. 
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Fig. 4 CE-PSO per-frame optimization flow 

 
4.4. Safety Monitor and Analytical Bounds 

The SAFE-TTA Safety Monitor provides three 

analytical properties that enable the framework to complement 

existing safety certification: 

 

4.4.1. Bounded Deviation (Proposition 1) 

For any adapter parameters θ within the ECDE envelope, 

the feature-space deviation satisfies: ||𝑓(𝑥𝑡; 𝜃) − 𝑓(𝑥𝑡)|| ≤

𝐿𝐴 · 𝛺(𝑢𝑡), where L_A is the Lipschitz constant of the adapter 

function. Since the Adapter is a linear residual transformation 

with bounded parameters, L_A can be computed exactly from 

the spectral norms of W_d, W_u and the magnitudes of D_s, 

providing a computable, per-frame upper bound on the 

adaptation-induced feature perturbation. 

 

4.4.2. Fail-Safe Property (Proposition 2) 

As  𝑢𝑡 → 1, 𝛺(𝑢𝑡) → 0, which forces all adapter 

parameters to converge to their initialization values θ₀. Since 

θ₀ is initialized to produce identity adaptation (𝐷𝑠 = 1, 𝑏𝜃 =
0, 𝑊𝑑 = 𝑊𝑢 = 0)The adapted features converge exactly to the 

unadapted features, recovering the original detector behavior 

under extreme uncertainty. 

 

4.4.3. Temporal Stability Bound (Proposition 3) 

Define V_t = ||θ_t − θ₀||² / Ω(u_t)². By construction V_t ≤ 

dim(θ) for all permissible θ. ΔV_t ≤ 0 whenever uncertainty 

increases, and CE-PSO cannot increase deviation within a 

shrinking envelope. Fail-safe ensures V_t → 0 as u_t → 1. 

Under the condition that uncertainty does not decrease 

persistently, the dynamics are BIBO stable. 

5. Theoretical Analysis 
5.1. Dynamic Regret Bound 

A regret bound for CE-PSO under non-stationary 

conditions is established below.  

 

𝐿𝑒𝑡𝜃 ∗𝑡= 𝑎𝑟𝑔𝑚𝑖𝑛𝜃𝐽𝑡(𝜃)denote the per-frame optimal 

adapter parameters, and let 𝑉𝑇 = 𝛴𝑡=2
𝑇 ||𝜃 ∗𝑡− 𝜃 ∗𝑡−1|| denote 

the cumulative path length of the optimal solution sequence, 

measuring the total domain drift over T frames. 

 

Theorem 1 (Dynamic Regret Bound). Assumptions:(A1) 

Each 𝐽𝑡 is L-Lipschitz continuous on the ECDE-bounded 

domain; (A2) 𝐽𝑡 is κ-strongly smooth (bounded Hessian 

eigenvalues); (A3) the swarm size N is sufficiently large for 

surrogate gradient consistency; (A4) the warm-start error 

satisfies ||𝑔𝑡−1 − 𝜃 ∗𝑡|| = 𝑂(𝑑𝑡 + 𝜀𝑐𝑜𝑛𝑣). While these 

assumptions enable theoretical analysis, the empirical 

convergence observed in practice exceeds these conservative 

bounds due to the favorable structure of detection fitness 

landscapes and the constraining effect of ECDE envelopes.  

 

Statement: Let 𝐽𝑡(·)be L-Lipschitz and κ-strongly smooth. 

The warm-started CE-PSO with N particles, 𝐾 =

𝑂 (√((1 + 𝑉𝑇)/𝑇)) iterations per frame, and adaptive 

initialization noise achieves dynamic regret: 

 𝑅𝑑𝑦𝑛(𝑇) = 𝛴𝑡=1
𝑇 [𝐽𝑡(𝜃𝑡) − 𝐽𝑡(𝜃 ∗𝑡)] ≤ 𝑂 (√(𝑇(1 + 𝑉𝑇)))                                   

 (10) 
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Proof Sketch:  
Step 1: A surrogate gradient from the swarm fitness 

satisfies E[∇ ̃J(g)] = ∇J(g) + O(σ²_swarm). Step 2: Warm-start 

bounds distance to optimum by ||g^{t−1} − θ*_t|| ≤ ε_conv + 

d_t, reducing geometrically over K iterations. Step 3: 

Summing over T frames yields the bound. The key insight: 

warm-starting reduces initialization error from O(diam(Θ)) to 

O(d_t), enabling convergence in O(log(1/ε)) iterations. 

Combined with ECDE constraint diam(Θ) ≤ 

2√(dim(θ))·Ω(u_t), this yields sub-linear regret. 

 

Corollary 1. Under Lipschitz-continuous drift (𝑑𝑡 ≤
𝐿𝑑𝑟𝑖𝑓𝑡𝑓𝑜𝑟𝑎𝑙𝑙𝑡), 𝑉𝑇 ≤ 𝐿𝑑𝑟𝑖𝑓𝑡 · T, yielding 𝑅𝑑𝑦𝑛(𝑇) ≤

𝑂(𝑇3/4). When 𝑉𝑇 = 𝑜(𝑇)The regret is strictly sub-linear, 

indicating asymptotic optimality of the adaptation under the 

stated assumptions. 

 

5.2. Convergence Rate Analysis 

The number of CE-PSO iterations required per frame 

decreases as warm-starting becomes more accurate. Define 

the warm-start advantage as 𝜌𝑡 = ||𝑔𝑡−1 − 𝜃 ∗𝑡||/𝑑𝑖𝑎𝑚(𝛩), 

where 𝑑𝑖𝑎𝑚(𝛩) is the diameter of the ECDE-bounded 

feasible set. The required iterations satisfy: 

 

       𝐾𝑡 = 𝑂(𝑙𝑜𝑔(𝜌𝑡/𝜀𝑡𝑎𝑟𝑔𝑒𝑡))                                  (11) 

  

Under stable weather conditions (𝜌𝑡𝑠𝑚𝑎𝑙𝑙), 𝐾𝑡 ≈ 2 − 3 

iterations suffice; under rapid drift, 𝐾𝑡 increases gracefully. 

The adaptive scheme sets𝐾𝑡 dynamically based on the 

estimated 𝜌𝑡, computed from the fitness improvement rate 

across iterations, ensuring the computational budget tracks 

actual adaptation difficulty. 

5.3. Lipschitz Bound on Feature Deviation 

The Adapter's feature deviation admits a closed-form 

Lipschitz bound. The adapted feature deviation is: 

        ||𝑓 − 𝑓|| = ||𝐷𝑠 ⊙ (𝑊𝑢𝑊𝑑𝑓) + 𝑏𝜃|| ≤ ||𝐷𝑠||
∞

·

||𝑊𝑢||
2

· ||𝑊𝑑||
2

· ||𝑓||
2

+ ||𝑏𝜃||
2

                             (12) 

 

Since all parameters are bounded within the ECDE 

envelope of radius Ω(u_t), each component satisfies. |𝐷𝑠 , 𝑖 −

1| ≤ 𝛺, ||𝑊𝑑||
𝐹

≤ √(𝑑𝑟) · 𝛺, ||𝑊𝑢||
𝐹

≤ √(𝑑𝑟) · Ω, and 

||𝑏𝜃||
2

≤ √𝑑 · 𝛺. Substituting yields a bound that is linear in 

𝛺(𝑢𝑡), confirming that the feature deviation contracts to zero 

as the ECDE envelope contracts under increasing uncertainty. 

 

Proposition 1 (Feature-Space Bound). Let 𝐿𝑓 denote the 

Lipschitz constant of the detection head mapping features to 

output predictions. The adaptation-induced change in 

detection outputs is bounded by: 

 

        ||𝛥𝑜𝑢𝑡𝑝𝑢𝑡|| ≤ 𝐿𝑓 · 𝐿𝐴 · 𝛺(𝑢𝑡)              (13) 

 

Importantly, the analytical limits of the above are for each 

feature and parameter in a detector. There is also significant 

empirical support (Pearson r = 0.91 correlation between 

envelope radius and mAP stability) that the translation from 

analytical results to detection-based performance metrics 

(e.g., mAP, FNR), but it is not analytically established, as 

NMS and IoU matching both make parts of the overall process 

non-differentiable. 

 

6. Experimental Evaluation 
6.1. Experimental Setup 

SAFE-TTA is evaluated using 4 benchmark domains to 

represent different forms of degradation for weather. The 

characteristics of this data set are summarized in Table 2. 

Table 2. Summary of evaluation datasets 

Dataset Weather Images Annotations Classes Resolution Source 

Foggy Cityscapes Fog 1,525 28,891 8 2048×1024 Sakaridis et al. 

BDD100K-Rain Rain 3,276 42,318 10 1280×720 Yu et al. 

ACDC-Snow Snow 1,000 16,742 8 1920×1080 Sakaridis et al. 

ACDC-Night Low-light 1,006 15,893 8 1920×1080 Sakaridis et al. 

As shown above, Table 2 presents the four evaluation 

datasets spanning diverse adverse-weather conditions: Foggy 

Cityscapes (1,525 images, fog), BDD100K-Rain (3,276 

images, rain), ACDC-Snow (1,000 images, snow), and 

ACDC-Night (1,006 images, low-light). Together, these 

benchmarks cover the primary weather degradation types 

encountered in autonomous driving, with varying image 

counts, annotation densities, and resolutions. 

Table 3. Implementation details and hyperparameter settings 

Component Parameter Value 

Backbone Architecture YOLOv11-L (25.3M params) 

Backbone Pre-training COCO train2017 (clear weather) 

SAFE Adapter Feature dim (d) 256 

SAFE Adapter Rank (r) 16 

SAFE Adapter Total params (||θ||) 8,704 
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EDL Head Training Offline on source domain (frozen) 

EDL Head Loss Type II ML + KL regularization 

ECDE Ω_max 0.3 

ECDE β (steepness) 10 

ECDE τ (threshold) 0.5 

CE-PSO Particles (N) 20 

CE-PSO Iterations (K) 5 (adaptive: 2–7) 

CE-PSO Inertia (ω) 0.729 

CE-PSO Cognitive (c_1) 1.494 

CE-PSO Social (c_2) 1.494 

Hardware Training GPU NVIDIA A100 80GB 

Hardware Inference GPU NVIDIA Jetson Orin (edge) 

Hardware Inference GPU NVIDIA RTX 4090 (server) 

Table 3 details the implementation settings for each 

SAFE-TTA component: SAFE Adapter (d = 256, r = 16, 8,704 

parameters), ECDE (Ω_max = 0.30, β = 10, τ = 0.50), and CE-

PSO (N = 20 particles, K = 5 iterations, ω = 0.729, c₁ = c₂ = 

1.494). These settings remain constant unless varied in the 

sensitivity analysis (Table 10). 

6.2. Main Results 

Table 4 presents the main mAP@0.5 comparison across 

all methods and domains. SAFE-TTA achieves 51.3±0.4% on 

Foggy Cityscapes (+6.5 over EATA), 52.7% on BDD-Rain, 

48.2% on ACDC-Snow, and 44.6% on ACDC-Night. The 

largest gains occur on the most challenging domains where 

epistemic uncertainty is highest. In comparison of the results 

from each method and domain (average of five run 

comparisons with standard deviation less than or equal to 

0.5%), the results for SAFE-TTA were 51.3 ± 0.4% on Foggy 

Cityscapes and a 49.2% average. This is an improvement over 

the results obtained using EATA (a 42.9% average) of 6.3 

points and an improvement over the baseline of 36.9% of 12.3 

points. The largest improvements were seen in both Foggy 

Cityscapes (+6.5) and ACDC-Night (+6.7). 

  
Table 4. Main comparison: mAP@0.5 (%) across target domains 

Method Type Foggy CS BDD-Rain ACDC-Snow ACDC-Night 

YOLOv11-L [48] Base 38.2 41.5 35.8 32.1 

RT-DETR-L [49] Base 40.1 43.2 37.4 33.8 

TENT [5] TTA 42.5 44.8 39.2 35.6 

CoTTA [6] TTA 44.1 46.3 41.0 37.2 

SAR [7] TTA 43.3 45.7 40.1 36.4 

MEMO [8] TTA 41.8 44.0 38.5 34.9 

EATA [9] TTA 44.8 46.9 41.7 37.9 

RoTTA [10] TTA 43.7 45.9 40.5 36.8 

SAFE-TTA Proposed 51.3±0.4 52.7±0.3 48.2±0.5 44.6±0.4 

 
Fig. 5 mAP@0.5 (%) comparison across four target domains for 8 methods 
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Figure 5 visualizes the mAP@0.5 data from Table 4 as 

grouped bar charts. The dark navy bars (SAFE-TTA) 

consistently exceed all other methods across every domain 

group, confirming the improvement is systematic rather than 

domain-specific. 

Values are the mean over 5 independent runs. SAFE-TTA 

(dark navy, rightmost bar in each group) achieves 51.3%, 

52.7%, 48.2%, and 44.6% on Foggy Cityscapes, BDD-Rain, 

ACDC-Snow, and ACDC-Night, respectively, outperforming 

the best competing TTA method (EATA) by +6.5 points on 

Foggy CS and +6.7 on ACDC-Night. Key takeaway: the 

largest gains occur on the two most challenging domains 

where epistemic uncertainty is highest and ECDE-controlled 

adaptation provides the greatest benefit. 

 
Table 5. mAP@[0.5:0.95] (%) comparison 

Method Type Foggy CS BDD-Rain ACDC-Snow ACDC-Night 

YOLOv11-L [48] Base 19.7 22.4 18.1 15.8 

RT-DETR-L [49] Base 21.3 23.8 19.5 17.1 

TENT [5] TTA 22.8 24.6 20.7 18.5 

CoTTA [6] TTA 24.1 25.9 22.0 19.8 

SAR [7] TTA 23.4 25.2 21.3 19.1 

MEMO [8] TTA 22.1 24.0 20.1 17.9 

EATA [9] TTA 24.6 26.3 22.5 20.2 

RoTTA [10] TTA 23.8 25.5 21.6 19.4 

SAFE-TTA Proposed 28.9±0.3 30.1±0.3 26.4±0.4 23.8±0.4 

 

Table 5 reports the stricter mAP@[0.5:0.95] metric 

evaluating localization across IoU thresholds 0.5–0.95. SAFE-

TTA achieves 28.9% on Foggy Cityscapes and 23.8% on 

ACDC-Night, outperforming EATA by 4.3 and 3.6 points, 

confirming that adaptation enhances bounding box 

localization as well as recall. 
 

6.3. Safety Metrics 

Pedestrian FNR. The average of Pedestrian False 

Negative Rate (FNR) in Table 5 is 15.7%. In comparison to 

the unadapted baseline of 22.9%, SAFE-TTA has achieved a 

relative reduction of 31.4%. The reduction is greatest under 

night-time conditions compared with daytime, which is 

attributed to the ECDE mechanism preventing aggressive 

adaptation from suppressing true positives. 

 
Table 6 reports the pedestrian FNR — the fraction of 

ground-truth pedestrians missed. SAFE-TTA achieves the 

lowest FNR on every domain (average 15.7% vs. 22.3% for 

EATA, 30.3% for baseline), a 31.4% relative reduction in the 

most safety-critical metric. 

 

Figure 6 depicts the pedestrian FNR from Table 6 as 

grouped bars. SAFE-TTA (dark navy) achieves the shortest 

bars consistently, with the most pronounced reduction on 

ACDC-Night (19.3% vs. 26.9% for EATA), where low 

illumination causes the highest miss rates. FNR measures the 

proportion of actual pedestrians missed by the detector. 

SAFE-TTA achieves 14.2%, 12.8%, 16.5%, and 19.3% across 

domains (mean over 5 runs), representing a 31.4% relative 

reduction versus the unadapted YOLOv11-L baseline 

(average FNR 30.3%).  

Key takeaway: SAFE-TTA significantly reduces missed 

pedestrian detections, the most safety-critical failure mode in 

autonomous driving. 

Table 6. Pedestrian False Negative Rate (%) 

Method Type Foggy CS BDD-Rain ACDC-Snow ACDC-Night 

YOLOv11-L [48] Base 28.4 25.7 31.2 35.8 

RT-DETR-L [49] Base 26.1 23.9 29.0 33.4 

TENT [5] TTA 23.5 21.8 26.4 30.1 

CoTTA [6] TTA 21.2 19.6 24.1 27.8 

SAR [7] TTA 22.1 20.5 25.0 28.9 

MEMO [8] TTA 24.8 22.9 27.5 31.6 

EATA [9] TTA 20.5 18.8 23.2 26.9 

RoTTA [10] TTA 21.5 19.8 24.3 28.1 

SAFE-TTA Proposed 14.2±0.3 12.8±0.2 16.5±0.4 19.3±0.3 
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Fig. 6 Pedestrian False Negative Rate (FNR, %) across four domains 

 
6.4. Precision, Recall, and F1-Score 

Table 7 indicates precision, recall, and F1-score averaged 

across domains. SAFE-TTA achieves the highest F1 (69.8%) 

with balanced precision (74.2%) and recall (65.8%), meaning 

more correct detections without proportionally more false 

alarms. 
 

Table 2. Precision, Recall, and F1-Score (%) averaged across all target domains 

Method Type Precision Recall F1-Score 

YOLOv11-L [48] Base 62.4 48.3 54.4 

RT-DETR-L [49] Base 64.8 50.1 56.5 

TENT [5] TTA 65.2 53.8 58.9 

CoTTA [6] TTA 67.1 56.2 61.2 

SAR [7] TTA 66.3 55.0 60.1 

MEMO [8] TTA 64.5 52.6 57.9 

EATA [9] TTA 67.8 57.1 62.0 

RoTTA [10] TTA 66.7 55.8 60.8 

SAFE-TTA  Proposed 74.2±0.5 65.8±0.4 69.8±0.3 

 
Fig. 7 Precision-Recall curves on Foggy Cityscapes for five methods 
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Figure 7 displays precision-recall curves on Foggy 

Cityscapes. SAFE-TTA (dark navy, thickest line) dominates 

all methods. At recall = 0.8, SAFE-TTA retains 46% precision 

vs. 29% for EATA and 12% for YOLOv11-L, demonstrating 

superior performance at high-recall operating points critical 

for safety. SAFE-TTA (AP=51.3%) maintains higher 

precision than all competitors across the full recall range. At 

the high-recall operating point (recall=0.8), SAFE-TTA 

retains 46% precision vs. 29% for EATA and 12% for 

YOLOv11-L. Key takeaway: SAFE-TTA's precision 

advantage is most pronounced at high recall, which is the 

operationally relevant regime for safety-critical detection 

where missing objects are unacceptable. 

 

Table 8. Computational complexity and latency comparison 

Method Type Params (M) GFLOPs FPS (4090) FPS (Orin) Latency Memory 

YOLOv11-L Base 25.3 86.9 78 52 12.8 ms 4.2 GB 

RT-DETR-L Base 32.0 108.3 62 38 16.1 ms 5.1 GB 

TENT TTA 25.3 87.4 65 41 15.4 ms 5.8 GB 

CoTTA TTA 25.3 88.1 54 32 18.5 ms 6.4 GB 

SAR TTA 25.3 87.8 58 36 17.2 ms 6.1 GB 

MEMO TTA 25.3 261.0 28 16 35.7 ms 7.8 GB 

EATA TTA 25.3 87.6 60 38 16.7 ms 5.9 GB 

RoTTA TTA 25.3 87.5 63 40 15.9 ms 5.7 GB 

SAFE-TTA Proposed 25.3 + 0.009 87.2 72 42 14.6 ms 4.5 GB 

 

6.5. Efficiency Analysis  

Table 8 compares the computational complexity and 

latency of all methods. SAFE-TTA adds only 0.009M 

parameters and 0.3 GFLOPs, achieving 42 FPS on Jetson Orin 

NX and 72 FPS on RTX 4090 with 14.6 ms total latency — 

only 1.8 ms above the unadapted baseline. MEMO is the 

slowest at 35.7 ms due to multi-augmentation overhead. 

 

 
Fig. 8 Latency (ms/frame) vs. mAP@0.5 (%) trade-off on Foggy Cityscapes 

 

Figure 8 plots the latency-accuracy trade-off. SAFE-TTA 

(large dark circle) occupies the upper-left Pareto-optimal 

position with the highest mAP at the lowest adaptation 

latency, confirming it is the only TTA method that improves 

accuracy substantially without compromising real-time 

operation. Each marker represents one method.  
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SAFE-TTA (large dark circle, 14.6 ms, 51.3% mAP) 

achieves the best Pareto-optimal trade-off: highest accuracy at 

the lowest adaptation latency among all TTA methods. 

MEMO (35.7 ms) is the slowest due to multi-augmentation 

overhead. SAFE-TTA's total latency (14.6 ms) is only 1.8 ms 

above the unadapted YOLOv11-L baseline (12.8 ms)—all 

latency values measured on NVIDIA RTX 4090. 

 

7. Ablation Study and Analysis 
7.1. Component-wise Ablation   

Table 9 presents the component-wise ablation on Foggy 

Cityscapes. Starting from the baseline (38.2%), each 

component adds measurably: SAFE Adapter (+3.9), ECDE 

(+2.4), CE-PSO (+3.3), EDL (+1.8), reaching 51.3% for the 

full framework. Two additional variants confirm that a fixed 

envelope (48.1%) underperforms dynamic ECDE, and 

removing the safety monitor (50.8%) slightly degrades results. 

 

7.1.1. Stochasticity Analysis 

Each configuration is run 5 times with different random 

seeds. Standard deviations are consistently below 0.5% mAP, 

confirming reliable convergence due to warm-starting (narrow 

basin) and ECDE constraints (limited exploration range). 

Table 9. Component-wise ablation study on Foggy Cityscapes 

Configuration Adapter ECDE CE-PSO EDL mAP@0.5 

(A) YOLOv11-L baseline ✗ ✗ ✗ ✗ 38.2 

(B) + SAFE Adapter (random) ✓ ✗ ✗ ✗ 42.1 

(C) + ECDE bounds ✓ ✓ ✗ ✗ 44.5 

(D) + CE-PSO optimizer ✓ ✓ ✓ ✗ 47.8 

(E) + EDL uncertainty ✓ ✓ ✓ ✓ 49.6 

SAFE-TTA (full framework) ✓ ✓ ✓ ✓ 51.3±0.4 

Variant: Fixed envelope (Ω=0.15) ✓ ✗ ✓ ✓ 48.1±0.5 

Variant: No safety monitor ✓ ✓ ✓ ✗ 50.8±0.4 

 
Fig. 9 Component-wise ablation on Foggy Cityscapes (mAP@0.5, %, mean ± std over 5 runs) 

 
Figure 9 visualizes the ablation data from Table 9 as 

individually colored bars. Each bar corresponds to sequential 

addition of one component: baseline (Dark Blue, 38.2%), 

+Adapter (Brown, 42.1%), +ECDE (Grey, 44.5%), +CE-PSO 

(Yellow, 47.8%), +EDL (Light Blue, 49.6%), Full (Green, 

51.3%). The monotonic increase confirms every component is 

essential. 
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7.2. Statistical Significance 

Paired t-test results for 5 test runs show that p is less than 

0.001 for Foggy Cityscapes and BDD-Rain, and p is less than 

0.005 for the ACDC tasks. The lowest difference in 

performance is a positive change of 6.3 mAP as compared 

with EATA, which represents an increase of at least three 

standard deviation units. 

7.3. Hyperparameter Sensitivity 

Table 10 reports the hyperparameter sensitivity analysis. 

The most sensitive parameters are PSO iterations K (mAP 

drops to 44.8% at K=1) and particles N (47.2% at N=5). The 

ECDE parameters (Ω_max, β, τ) show low sensitivity across 

tested ranges, indicating inherent robustness of the sigmoid 

envelope formulation. 
 

Table 10. Hyperparameter sensitivity analysis on Foggy Cityscapes (mAP@0.5) 

Parameter Value Range mAP@0.5 Range Default 

Rank r {4, 8, 16, 32, 64} 48.1–51.5 r = 16 

Particles N {5, 10, 20, 40} 47.2–51.4 N = 20 

Iterations K {1, 3, 5, 7, 10} 44.8–51.6 K = 5 

Ω_max {0.1, 0.2, 0.3, 0.5} 49.2–51.3 Ω_max = 0.3 

β (steepness) {5, 10, 20} 50.1–51.3 β = 10 

τ (threshold) {0.3, 0.5, 0.7} 49.8–51.3 τ = 0.5 

 

7.4. CE-PSO Convergence Analysis 

Figure 10 shows the CE-PSO convergence curves across 

three conditions. Warm-started PSO under stable weather 

(dark navy) converges in 3 iterations; under rapid drift (green) 

in 5–6 iterations; cold-start without prior (red) requires 7–8 

iterations. The horizontal dashed line marks optimal fitness J*. 

Warm-starting reduces convergence time by 40–60%. Under 

constant operating conditions, a warm start to PSO under 

stable operating conditions will require about two or three 

iterations, which results in approximately a 40% savings in 

computational time. Under an environment with rapidly 

changing operating conditions, five to six iterations will be 

required for warm-started PSO; however, it can also provide a 

2-3 iteration savings compared to cold-started PSO. 

 
Fig. 10 CE-PSO convergence 
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7.5. Cross-Architecture Validation 

Table 11 validates SAFE-TTA across different backbone 

architectures. Consistent improvements of +11.3 to +12.3 

mAP are observed across YOLOv11-L (CNN), RT-DETR-L 

(Transformer), YOLOv11-M, and YOLOv11-S, supporting 

the architecture-agnostic design of the framework within the 

tested detector families. 

 

Table 11. Cross-architecture validation

Backbone Type mAP@0.5 (base) mAP@0.5 (+TTA) Δ mAP FPS (Orin) 

YOLOv11-L CNN 36.9 49.2 +12.3 42 

RT-DETR-L Trans. 38.6 50.8 +12.2 34 

YOLOv11-M CNN 34.2 46.1 +11.9 55 

YOLOv11-S CNN 31.5 42.8 +11.3 68 

Table 12. Advanced metrics: uncertainty, calibration, and stability (averaged across domains) 

Method Type Mean u ↓ ECE (%) ↓ Variance ↓ Miss Rate ↓ 

YOLOv11-L Base 0.42 12.8 0.089 30.2 

TENT TTA 0.38 11.2 0.076 26.4 

CoTTA TTA 0.35 10.1 0.068 24.1 

EATA TTA 0.33 9.5 0.063 22.8 

SAFE-TTA  Proposed 0.24±0.01 5.2±0.3 0.031±0.004 16.8±0.3 

7.6. Calibration and Uncertainty Analysis 

Table 12 reports advanced metrics including mean 

epistemic uncertainty, Expected Calibration Error (ECE), 

frame-to-frame variance, and miss rate. SAFE-TTA achieves 

the lowest values across all metrics (u = 0.24, ECE = 5.2%, 

variance = 0.031), confirming that the adaptation not only 

improves detection accuracy but also produces better-

calibrated and more temporally stable predictions. 

EDL calibration under domain shift. Pre-adaptation ECE 

ranges from 8.1% (BDD-Rain) to 14.3% (ACDC-Night); after 

adaptation, 4.2–6.8%. The relative ordering of uncertainty 

remains monotonically consistent with domain difficulty 

(ACDC-Night > ACDC-Snow > Foggy CS > BDD-Rain), 

which is the property ECDE requires — rank order, not 

absolute calibration. Under extreme OOD, miscalibration 

leads to conservative (but never dangerous) adaptation, as the 

fail-safe direction is toward the unadapted baseline. 

 

7.7. Reproducibility Statement 

All tests were conducted with an NVIDIA A100 (80 GB 

training) or a GPU for inference, as well as a Jetson Orin NX 

16 GB for edge processing. The seed values used in the 

implementation of CE-PSO are as follows: 42, 123, 256, 512 

and 1024. All code was implemented using PyTorch 2.1 and 

CUDA 12.1. The evaluated models were YOLOv11-L from 

Ultralytics and RT-DETR-L from Paddle Detection. For 

comparison purposes, baselines were also run using their 

official implementations. Testing was performed by running 

single-pass streaming on each model's target test split without 

providing target labels to the testing process. 

 

8. Discussion 
8.1. Scope of Safety Properties 

The analytical bounds (Theorem 1, Corollary 1, 

Propositions 1-3) are feature-space and adapter parameter 

level: they ensure that adapted features remain within a 

computationally quantifiable Lipschitz ball around their 

unadapted counterparts. Also, the envelope contract 

monotonically as uncertainty increases. Moreover, that under 

extremely out-of-distribution conditions, the system will 

return to baseline behaviour. These are module-level safety 

properties of the adaptation mechanism, not end-to-end 

system-level certifications for autonomous vehicle safety. 

While the observed increases in detection metrics (i.e., mAP 

and false negative rate) are empirically observed and 

correlated to feature space bounds (Pearson r = .91), they were 

not formally derived from them. SAFE-TTA does not claim 

certification-grade autonomous driving safety. Rather, it 

provides a perception module-based adaptation mechanism 

with bounded and controllable behaviour. 

 

The experimental results show that SAFE-TTA achieves 

a qualitative advance over existing TTA methods along 

multiple dimensions: detection accuracy, safety metrics, 

computational efficiency, and analytical bounds. Several 

aspects of these results merit deeper analysis. 

8.2. Gradient-Free Optimization vs. Gradient-Based TTA  

The reason for improving results using SAFE-TTA 

compared with those produced by gradient-based methods is 

threefold. First, while gradient-based entropy-minimization 

methods (TENT, EATA) update all batch-normalisation 

parameters globally, CE-PSO updates only the low-rank 

adapter parameters, each independently. Secondly, due to its 

gradient-free nature, it is able to avoid the explosive and/or 

vanishing gradients that occur when there is a large degree of 

distribution shift. Finally, because the search space of the 

ECDE bounded search space contains only values that have 

been proven to be valid through verification, it can prevent 

catastrophic divergences in the parameters that will result 
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from long-term domain shift if no such bounds existed. 

Beyond these structural reasons, the magnitude of the 

improvement over the best competing TTA method (6.5+ 

mAP, Table 3-4) can be attributed to the interaction between 

bounded adaptation and detection-specific failure modes. 

Entropy-minimization methods such as TENT [5] and EATA 

[9] adjust batch-normalization statistics globally, so a single 

high-uncertainty frame (for example, a sudden snow flurry) 

can push the running statistics away from a configuration that 

is appropriate for the majority of frames, degrading mAP for 

several subsequent frames until the statistics recover. Because 

ECDE contracts the permissible adaptation radius in direct 

proportion to the epistemic uncertainty of the current frame, 

SAFE-TTA does not allow a single anomalous frame to 

perturb the adapter parameters by more than the ECDE bound, 

so the accuracy degradation observed for unconstrained 

methods on such frames is largely avoided. Likewise, relative 

to CoTTA [6] and RoTTA [10], which rely on stochastic 

restoration or robust batch statistics to mitigate forgetting, the 

residual, identity-initialized SAFE Adapter combined with the 

analytically bounded envelope provides a comparable anti-

forgetting effect without the additional stochastic restoration 

overhead, which also contributes to the favourable frames-

per-second figures reported in Table 9. Taken together, the 

consistent gains across all four weather benchmarks and both 

backbone families indicate that the advantage of SAFE-TTA 

derives from the bounded, uncertainty-aware adaptation 

mechanism itself rather than from any benchmark-specific 

tuning. 

 

8.2.1. Fail-Safe Mechanism of ECDE in Practice 

Looking at per-frame adaptation traces indicates that 

ECDE has a meaningful effect on approximately 8–12% of all 

Frames. This is primarily due to changes in weather, or frames 

where an object is heavily occluded, or when there are 

abnormal illumination artifacts. When ECDE does have a 

meaningful effect (high uncertainty), it shrinks the adaptation 

envelope by as much as 85%, which reduces the amount of 

influence the Adapter will have and allows the unadapted 

baseline to take over. On the other hand, gradient-based TTA 

methods continue to update their parameters in those high 

uncertainty frames, and they may actually increase the error. 

 

8.2.2. The Implications of the Findings to Assess Safety 

The features of analytical properties — bounded 

deviations, fail-safe behaviour, and temporal stability — 

represent a meaningful development toward developing 

deployable TTA. These bounded deviations can be controlled 

through analysis and, therefore, can serve as an initial base to 

provide additional information in SOTIF assessments related 

to the perception module. 

 

The consistent improvement of performance of both 

backbone architectures, CNN and Transformer, and three 

model sizes (small/medium/large), supports an architecture-

agnostic design with respect to the detector family evaluated. 

9. Limitations 
Several limitations of the current work are acknowledged. 

First, the Lipschitz bound in Proposition 1 provides a feature-

space guarantee but does not directly bound detection-level 

metrics such as mAP or FNR. The gap between feature-space 

bounds and metric-space guarantees depends on the detection 

head sensitivity.  Empirically, a strong positive correlation 

(Pearson r = 0.91) is observed between the ECDE envelope 

radius and frame-level mAP stability, suggesting feature 

bounds serve as an effective proxy, but formalizing this 

empirical correlation into a rigorous metric-level guarantee 

remains open. 

 

Secondly, this current evaluation is limited to camera-

only perception. Extension of the ECDE modules to other 

multimodal input sources like lidar and radar will require 

modality-specific adapter modules as well as fusion-aware 

bounds for each ECDE module, which is viewed as a natural 

extension but is left to future work. 

 

Thirdly, under optimal conditions, CE-PSO convergence 

takes much longer than one gradient step. In particular, under 

sub-5 ms latency constraints, there are possible solutions such 

as particle reduction or early stopping within the first few 

iterations. 

 

Fourthly, the present evaluation is based on COCO 

pretrained detectors on urban driving datasets and does not 

include compound degradations of weather conditions that are 

realistic but underrepresented in today's benchmarks. 

 

Fifthly, freezing the EDL head may produce mis-

calibrated uncertainty when the distributions shift from those 

found in the source domain to those found in the target 

domain, resulting in too conservative adaptation. 

 

9.1. Failure Case Analysis 

Three failure modes were identified through experimental 

evaluation of the system: 

 

Mode 1: texture absence at the source level. During times 

when the Source dataset does not have target-domain textures 

(such as snow-covered vehicles), the EDL head will 

continuously produce high uncertainty levels. As a result, the 

ECDE mechanism will suppress adaptation of those classes. 

The system remains safe (i.e. Fallback behaviour), but 

potential gains are forgone. 

Mode 2: weather alternating conditions. At times when 

the frame rate cannot keep up with weather changes (for 

example, fog patches in less than a second), the warm-start 

from 𝑔𝑡−1 becomes counterproductive. The adaptive k-

mechanism partially compensates; however, approximately 

2–3% mAP drops were measured during sequences with rapid 

alternations between weather types. 
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Mode 3: multiple severe degradations. At times when 

multiple types of weather co-occur (for example, fog and 

night-time and rain), the uncertainty across all detections 

exceeds the threshold of the ECDE mechanism. In turn, this 

causes the envelope to collapse towards zero and turn off any 

possible improvement over the unadapted baseline. 

 

10. Conclusion 
A framework called SAFE-TTA is presented here; it 

views test-time adaptation of an object detector in adverse 

weather conditions as a safety-constrained, gradient-free 

optimization problem. Four new modules are integrated into 

this framework: the SAFE Adapter module transforms the 

residual features using low-rank transformations, Epistemic-

Coupled Dynamic Envelopes (ECDE) couple evidential 

epistemic uncertainty estimates to analytically bounded 

adaptation envelopes, constrained evidential particle swarm 

optimization is employed to conduct a gradient-free search 

within the bounds of safety, and a safety monitor provides 

empirical evidence to support fail-safe reversion based on 

deviations from pre-computed analytically derived feature-

space bound limits. SAFE-TTA was evaluated over four 

benchmarks, showing a significant improvement of 12.3 mAP 

(49.2 ± 0.4%) @ 0.5 compared to its baseline counterpart; a 

reduction of approximately 31.4% in false negatives for 

pedestrians was observed along with 42+ FPS at a cost of 

approximately 1.8 ms per iteration. As well, each of the eight 

competing alternatives has been improved by 6.3+ mAP in 

terms of accuracy while maintaining tight analytic bounds on 

the feature space.  
 

In addition to continuing to improve upon the capabilities 

of SAFE-TTA through its extension to both 3D detection and 

multimodal perception, future development will include the 

establishment of tighter metric-level bounds linking specific 

properties of the feature space to detection performance. 

Additionally, SAFE-TTA will be tested and validated using 

closed-loop simulation and real-world deployment. 
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