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Figure 1. Robustness of Infrared Object Detection on LLVIP-C and FLIR-C datasets. In the first row, LLVIP-C has a brightness
corruption severity level of 5; in the second row, FLIR-C shot noise corruption has a severity level of 2. In (a) ground-truth boxes (yellow);
(b) zero-shot COCO; (c) fine-tuning (FT); (d) WiSE-OD with Faster R-CNN.

Abstract

Object detection (OD) in infrared (IR) imagery is criti-
cal for low-light and nighttime applications. However, the
scarcity of large-scale IR datasets forces models to rely on
weights pre-trained on RGB images. While fine-tuning on
IR improves accuracy, it often compromises robustness un-
der distribution shifts due to the inherent modality gap be-
tween RGB and IR. To address this, we introduce LLVIP-C
and FLIR-C, two cross-modality out-of-distribution (OOD)
benchmarks built by applying corruptions to standard IR
datasets. Additionally, to fully leverage the complemen-
tary knowledge from RGB and infrared-trained models, we
propose WiSE-OD, a weight-space ensembling method with
two variants: WISE-ODzs, which combines RGB zero-
shot and IR fine-tuned weights, and WiSE-OD p, which
blends zero-shot and linear probing. Evaluated using four
RGB-pretrained detectors and two robust baselines on our
benchmark and in the real-world out-of-distribution M3FD
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dataset, our WiSE-OD improves robustness across modal-
ities and to corruption in synthetic and real-world distri-
bution shifts without any additional training or inference
costs. Our code is available at: https://github.
com/heitorrapela/wiseod.

1. Introduction

In recent years, deep learning (DL) has achieved signifi-
cant success across various computer vision tasks, includ-
ing object detection (OD) [26] using thermal infrared (IR)
imaging [14, 15]. Unlike visible spectrum imaging (RGB),
which relies on reflected light, thermal IR imaging captures
the heat emitted by objects, allowing it to function inde-
pendently of lighting conditions. This makes IR-based OD
highly effective in challenging environments with limited
or absent visible light, such as night-time surveillance and
autonomous driving cars [20]. Despite these advantages, IR



OD models must maintain consistent performance and reli-
able predictions under variations in input due to occlusions,
viewpoint shifts, or image degradation. Ensuring such ro-
bustness is therefore essential for real-world applications
in surveillance [2, 17], autonomous vehicles [16], and de-
fense [11], where fluctuating environmental conditions can
impact sensor inputs and compromise system reliability.

Without large-scale IR pre-training datasets, OD models
for IR typically initialize from powerful models pre-trained
on large-scale RGB datasets (e.g., COCO [7]), followed by
fine-tuning on IR data. While this pipeline yields strong in-
domain (ID) performance, where ID refers to test samples
similar to the training data, it often compromises robustness
against out-of-domain (OOD) samples [3]. OOD samples
differ significantly from the training data, leading to perfor-
mance degradation. This deterioration stems from the fact
that the fine-tuning process tends to cause the model to pri-
oritize task-specific information at the expense of broader
knowledge acquired during pre-training. As a result, the
model struggles to generalize to new or diverse scenar-
ios [23]. This issue is further amplified by the already sub-
stantial modality shift between RGB and IR, making robust
transfer learning even more difficult [13]. In classification,
several techniques have been proposed to improve robust-
ness under distribution shifts, including linear probing (LP),
LP followed by fine-tuning (LP-FT) [6], and weight-space
ensembling (WiSE-FT) [23]. While these methods effec-
tively enhance robustness in classification, they either are
not directly applicable to object detection or remain under-
explored [23]. This gap arises from the complexity of the
detection architectures and objectives, which require both
precise localization and accurate classification. Moreover,
cross-modality adaptation from RGB to infrared (IR) intro-
duces additional challenges due to the modality shift and
the scarcity of large-scale IR data [13—15].

To address these challenges, this paper introduces
two key components: (i) a novel cross-modality RGB/IR
corruption benchmark and (ii) two efficient approaches
to improve average IR performance under OOD scenar-
ios without additional training or inference cost. Our
benchmark, LLVIP-C and FLIR-C, applies common
corruption transforms to the original LLVIP and FLIR
datasets to evaluate cross-modality OOD performance.
Using this benchmark, we assess three families of IR
detectors fine-tuned from RGB pre-trained models against
standard robust fine-tuning baselines. Our analysis shows
that traditional methods underperform under corruption.
Therefore, we introduce WiSE-OD, a simple approach
that preserves the original detection head to combine
zero-shot and fine-tuned weights, yielding WiSE-OD ;g
and its linear probing variation WiSE-ODyp. Results
show that these weight-space ensembling methods exhibit
significant robustness. Additional analysis across various
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levels of corruption demonstrates that these methods
improve average IR model performance by preserving
ID accuracy from fine-tuning and OOD robustness from
zero-shot weights, which explains their effectiveness. Our
method also performs well under real-world shifts such as
IR images captured at night, indoors, and under fog or rain,
when the original models were trained solely on daytime
IR images.

Our main contributions can be summarized as follows:
* A new benchmark, LLVIP-C and FLIR-C, is introduced
to advance the evaluation of robust cross-modality OD
between RGB and IR. This benchmark is essential for
measuring detector performance across diverse, real-
world conditions. Within this framework, we comprehen-
sively evaluate three widely used object detection mod-
els: Faster R-CNN, FCOS, and RetinaNet, each initial-
ized with COCO pre-trained weights.

We propose WiSE-OD with two variants: WiSE-ODzg
and WiSE-ODy p, an efficient OD technique that com-
bines zero-shot and fine-tuned weights to enhance robust-
ness under real-world and synthetic distribution shifts.
Extensive experiments on the proposed benchmark and a
real-world IR OOD dataset demonstrate significant gains
for WiSE-OD over four OD frameworks (Faster R-CNN,
FCOS, RetinaNet, and YOLOVS).

2. Related Works

Object detection. OD is one of the most challenging
computer vision tasks [10], especially due to many differ-
ent environmental conditions [16]. The objective of OD
is to localize with a bounding box and provide labels for
all objects in an image [24]. Commonly, detectors can
be categorized into two groups: one-stage and two-stage
detectors. The most famous two-stage detector is Faster
R-CNN [18], which first generates regions of interest and
then uses a second classifier to confirm object presence
within those regions. In contrast, one-stage detectors
eliminate the proposal generation stage, targeting real-time
inference. Among one-stage detectors, RetinaNet [8] uses
focal loss to address the class imbalance. Also, models such
as FCOS [21] have emerged in this category, eliminating
predefined anchor boxes to enhance inference efficiency.
The YOLO family is a prominent line of one-stage detec-
tors, with YOLOVS8 adopting an anchor-free design with
a decoupled head and offering a strong speed—accuracy
trade-off. Our work focuses on these four detectors: Faster
R-CNN, RetinaNet, FCOS, and YOLOVS.

Robustness in Object Detection. Robustness in OD refers
to the model’s ability to maintain performance despite
variations in input conditions. Hendrycks & Dietterich [3]
proposed diverse corruptions for classification datasets,



resulting in ImageNet-C and CIFAR10-C. Michaelis et al.
[16] extended this to OD, proposing Pascal-C, COCO-C,
and Cityscapes-C with a study on corruption severity
and detector performance. Beghdadi et al. [1] introduced
additional local transformations for RGB OD on COCO,
and Mao et al. [12] proposed COCO-O with six types of
natural distribution shifts. Despite growing efforts for RGB
OD robustness, IR OD still lacks such benchmarks. In this
direction, Josi et al. [5] applied classification corruptions
to IR for person RelD. Given the widespread use of IR
in surveillance and autonomous driving, a robustness
benchmark for IR OD is essential.

Robust Fine-Tuning. The deep learning community has
explored various fine-tuning (FT) strategies to improve
robustness in classification tasks. A common approach is
linear probing (LP), where the backbone is frozen and only
the head is trained. Kumar et al. [6] extended this with
LP-FT, which first trains a linear head before unfreezing
the backbone for full fine-tuning. Wortsman et al. [23]
proposed WiSE-FT, which ensembles the weights of a
zero-shot pre-trained model and its fine-tuned counterpart
in weight space, showing strong performance under distri-
bution shifts on ImageNet.

In this work, we adapt these robustness techniques, which
were originally developed for classification, to the more
challenging cross-modality object detection setting, offer-
ing simple yet effective strategies to mitigate corruption ef-
fects.

3. Background

In this section, we introduce preliminary definitions that are
necessary to understand this work, and subsequently, we de-
fine our proposed benchmark.

Object Detection. Consider a set of training samples
D = {(x;, B;)}, where z; € RW*H>C are images with
spatial resolution W x H and C channels, and B;
{bo,b1,...,bn} is a set of bounding boxes corresponding
to the image x;. Each bounding box can be represented as
b = (cz, ¢y, w, h,0) where ¢, and ¢, are the center coor-
dinates of the bounding box with size w X h and o is the
class label. During training we aim to learn a parameterized
function fy : RW>*HXC _ B with B being the family of
sets B; and 6 the model’s parameter vector. The optimiza-
tion of fy is guided by a combination of a regression £, and
classification L. loss, i.e., [ loss and binary cross-entropy,
respectively. The loss function for object detection can be
represented as:

gdw):‘%' S Lolfo@), B) + ALl fo(w), B). (1)

(z,B)eD

Robustness to Corruption. Corruption robustness
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measures a classifier’s average performance under
classifier-agnostic input distortions [3]. Let f : X — ) be
a classifier trained on samples drawn from a distribution Q,
andlet C = {c¢: X — X} be a set of corruption functions
(e.g., noise, blur, contrast) and £ = {e : X — X} a set
of additional perturbation functions. The classifier’s clean
accuracy is P(; ;o (f(x) = y). Its corruption robustness,
i.e., its expected accuracy under all compositions of one
corruption and one perturbation, can be represented as:

EccEone [Poyymo(F(e(e() = 1)

Weight-space Ensembling. Given a mixing coefficient
A € [0, 1], weight-space ensembling can be defined as the
following function:

fwse(ai’aj;/\) = (1*)‘) 0; + )‘ajv 2

which computes the element-wise convex combination of
two parameter vectors 6; and 0;. The resulting ensemble pa-
rameter Ocns = fuwse(0i,0;; A) is then used to initialize the
model for prediction. A notable example of this technique is
WIiSE-FT [23]. Moreover, weight-space ensembling builds
on principles of output-space ensemble averaging [4] and
has demonstrated improved OOD robustness on classifica-
tion benchmarks [22].

4. OD IR Robustness Benchmark

Shot Noise

Impulse Noise

LLVIP-C

FLIR-C

Motion Blur Zoom Blur

Figure 2. LLVIP-C and FLIR-C examples. First row, we have
one example from the LLVIP-C test set with two different corrup-
tions: Shot Noise, and Impulse Noise with a severity level of 5.
In the second row, we have one example from the FLIR-C test set
with Motion Blur and Zoom Blur with a severity level of 5.

4.1. Benchmark Datasets

For our proposed robust IR OD benchmark with corrup-
tions, we explore two classical datasets containing paired
RGB and infrared images: LLVIP and FLIR. Additionally,
we explore the M3FD dataset, which has real-world shifts.



Figure 3. Examples of fog perturbations at different sever-
ity levels for LLVIP. Each column shows the effect of increas-
ing corruption severity (1-5) on infrared images. Rows: top-
fog, middle-brightness, and bottom-contrast. Higher severities in-
troduce stronger degradations, simulating real-world challenging
conditions.

LLVIP: LLVIP is a surveillance dataset composed of
12,025 paired IR and RGB images for training and 3,463
paired IR and RGB images for testing. The resolution of
images is 1280 x 1024 pixels, and annotations consist of
bounding boxes around pedestrians. FLIR ALIGNED: For
the FLIR dataset, we used the sanitized and aligned paired
sets provided [25], which contains 4,129 paired IR and
RGB images for training, and 1,013 paired IR and RGB
images for testing. The FLIR images are captured by a
front-mounted car camera at a resolution of 640 x 512 pix-
els, and annotations contain bicycles, dogs, cars, and peo-
ple. M3FD (Real-World OOD): M3FD [9] is a paired
RGB-IR benchmark with well-aligned images captured by
a calibrated dual-sensor rig. It contains 4,200 aligned pairs
at 1024 x768 resolution and six classes (person, car, bus,
motorcycle, truck, lamp). We considered the day IR images
as training data, and for testing, we considered fog, night,
rain, and indoor images. The high resolution, alignment
quality, and scenario diversity make M3FD a strong testbed
for robustness in multi-modality detection and fusion.

LLVIP-C and FLIR-C: In this section, we present our
two corrupted benchmarks: LLVIP-C and FLIR-C, derived
from the LLVIP and FLIR datasets. In Figure 2, the first
row shows an LLVIP-C test example corrupted with Shot
Noise and Impulse Noise at severity level 5. The second
row shows an FLIR-C test example corrupted with Motion
Blur and Zoom Blur at severity level 5. As illustrated qual-
itatively, severity level 5 is too strong for the FLIR images,
already compressed JPEGs, and both zero-shot and fine-
tuned models perform worse on FLIR-C than on LLVIP-C
at this level. Therefore, we recommend a maximum cor-
ruption severity of 2 for FLIR-C based on qualitative and
quantitative results. For the following experiments, we use
severity level 5 for LLVIP-C and severity level 2 for FLIR-
C. In Figure 3, we show the impact of different severity
levels (pre-defined levels) defined by [16] on the IR images
going from severity 1 to severity 5.
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Figure 4. Our proposed method: WiSE-OD and its variants. In
the large grey box, we have WiSE-ODzs with the equation inside
the pink square, and WiSE-ODyp in the yellow large box with the
equation inside the blue square.

5. WiSE-OD

Our proposed method, WiSE-OD (fyoq) in Figure 4, ex-
tends the idea of WiSE-FT to object detection setting. Let
0SS0 and AL denote the parameters of the RGB pre-
trained COCO detector and the fully fine-tuned IR detection
models, respectively. WiSE-OD constructs a new detector
by interpolating these parameter vectors in weight space:

fwod(ggggoa ) (]- - (3)

The resulting interpolated model inherits both the broad
generalization of large-scale COCO pre-training and the
modality-specific accuracy of IR fine-tuning, yet requires
no extra modules or change to the inference pipeline, only
a one-time weight merge. We evaluate two variants: WiSE-
OD_ygs uses HIFRT (full fine-tuning), and WiSE-ODy p uses
0L (linear probing on the detection head with a frozen
backbone). Both variants consistently improve robustness
under domain shift and common corruptions, while main-
taining the same inference cost as a single detector. This
weight-space ensembling is model-agnostic and can be ex-
tended to fuse multiple checkpoints or modalities by hierar-
chical interpolation.

Metrics: Following the methodology for benchmarking ro-
bustness in OD [16], we select AP5q as our detection perfor-
mance metric for both LLVIP-C and FLIR-C evaluations.
We also report the dataset-specific performance (P), de-
fined as APsg on the original target dataset (infrared), and

FT.
GIR ’

)\) 0COCO

kOB + AOR



mean performance under corruption, mPC, defined as:

1
i P(
N, -
c=1

mPC = “4)

where P, is the AP5q under corruption, and mPC' is the
average over all the corruptions. In our case, N, = 14 since
we decided to remove the glass blur corruption because it
lacks a fast implementation for our benchmark.

Baseline models: In our study, we utilize four OD architec-
tures: Faster R-CNN, FCOS, RetinaNet, and YOLOVS, all
initialized with COCO pre-trained weights. These models
are trained on the COCO dataset, which contains 80 object
categories, providing strong initial performance for most
detection tasks and facilitating subsequent fine-tuning. We
evaluate the following robust fine-tuning methods using our
proposed benchmark:

1. Zero-Shot (ZS) — Unmodified detectors used directly

for deployment without any fine-tuning.

Linear probing (LP) — Train the classification and re-

gression heads on top of a frozen backbone by minimiz-

ing the detection loss.

Full fine-tuning (FT) — Update both the detection heads

and the backbone parameters by minimizing the detec-

tion loss.

LP-FT - A two-stage process in which we first apply

linear probing and then perform full fine-tuning initial-

ized from the LP stage.

. Weight-ensembling — Two variants, WiSE-OD ;g and
WiSE-ODyp, which interpolate parameters between
the zero-shot or linear-probing models and the fully
fine-tuned models, respectively.

2.

6
6.1. Training protocol

. Experiments and Results

For this work, we split each training dataset into 80% for
training and 20% for validation, reserving the original test
set for final evaluation. All models were implemented in
PyTorch, optimized with the Adam optimizer, and trained
on an NVIDIA A100 GPU. We set a maximum training bud-
get of 200 epochs for all detectors; in practice, fine-tuning
typically converges within 10-20 epochs, depending on the
model and dataset. We used a cosine annealing scheduler on
the training loss and applied early stopping based on valida-
tion AP5p. Our 14 corruption types and severities follow the
ImageNet-C [3]/COCO-C [16] protocol (see supplementary
material for details). We provide code for reproducibility.

6.2. Benchmark Quantitative Results

In this section, we measured the mPC performance of all
the proposed baselines for our benchmark on LLVIP-C with
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a severity level of 5 and the FLIR-C dataset with a sever-
ity level of 2. Results are shown in Table 2 for Faster R-
CNN, FCOS, and RetinaNet under zero-shot, FT, LP, LP-
FT, WiSE-ODzg, and WiSE-OD;p. We see from Table
2 that, on average, WiSE-ODzg with A fixed at 0.5, i.e.,
equal weighting of Zero-Shot and FT, outperforms all other
baselines without the need to tune any hyperparameters.
For instance, on LLVIP-C, WiSE-ODzg improved mPC
by 18.68 over FT and by 4.12 over LP for Faster R-CNN.
In most cases, our proposed variant WiSE-OD p outper-
formed WiSE-OD ;¢ for Faster R-CNN and RetinaNet.

6.3. Detection performance per corruption

In this section, we evaluated the benchmark per corruption.
In Table 1, we show the in-domain performance (evalua-
tion on infrared of the LLVIP dataset), we name “Origi-
nal”, which is the original LLVIP infrared test set. Then,
we have the corruptions for the LLVIP-C and the mPC met-
ric for the Faster R-CNN detector; the same methodology
was used for FLIR and FLIR-C. The original performance
is measured in terms of APs5 for Faster R-CNN; additional
results for FCOS, RetinaNet, and all the detectors are pro-
vided in the supplementary material. As described in Table
1, the in-domain performance for LP (91.82) and LP-FT
(92.18) is lower than the FT (93.63), but the mPC is much
higher than the zero-shot and FT. The WiSE-OD g and
WIiSE-OD[ p were able to outperform the others with in-
domain of 96.06 and 96.24, respectively, and for the mPC,
WIiSE-ODy, p achieves 75.83 and WiSE-OD ¢ 75.08. For
WiSE-OD ¢ this corresponds to an increase of 18.68 over
FT and 4.12 mPC over LP. For FLIR-C, we also have good
improvements compared to the others. It is important to
mention that the WiSE-OD g is a training-free technique,
and for this table, A is fixed at 0.5, same for WiSE-ODy,p,
but this variation needs the LP model instead of the zero-
shot. In contrast, IR-adapted detectors already degrade sub-
stantially, which limits ensemble gains. For example, on
LLVIP-C FT collapses (AP59 = 0.00), while WiSE-OD [ p
recovers to 14.3 (+14.3). On FLIR-C, FT remains strong
(75.5) and WiSE-ODy, p improves to 79.7 (+4.2). Accord-
ingly, we keep a fixed A to avoid target-data tuning.

6.4. Performance over different corruption levels

In this section, we measured the per AP5q performance for
Faster R-CNN, FCOS, and RetinaNet over different corrup-
tion severity levels for the benchmark. Here, in Figure 5,
we provided (a) Frost for LLVIP-C, (b) Fog for FLIR-C for
Faster R-CNN, and (c) different APs for per-class analysis
(person, car, truck) in FLIR-C. When the corruption sever-
ity level increases, e.g., from 1 to 5 in LLVIP-C, we can
see a large drop in the zero-shot and FT, while the WiSE-
ODy g is more stable and can bring more robustness to the
final model. Some corruptions have more impact than oth-



Table 1. AP5( performance over the perturbations on different datasets. For LLVIP-C with severity level 5, and FLIR-C with severity

level 2 for Faster R-CNN.

LLVIP-C

Zero-Shot FT LP LP-FT WiSE-ODzs WiSE-OD, p
Original 71214002 93.68+086 91.82+0.15 92.18+0.03 96.06+0.22 96.24 +0.03
Gaussian Noise 5924 £0.07 67.46+745 75.12£0.12 7251+028 86.68+044 85.45+0.76
Shot Noise 5148 +0.14 64.83+7.79 70.82+027 69.89+026 8526+0.50 85.25+0.12
Impulse Noise 56.62+0.07 7132+633 7831113 7520+086 88.54+033 88.40+0.15
Defocus Blur 4790 £0.08 80.48+3.60 8431+024 83.12+0.05 89.74+098 90.40 +0.03
Motion Blur 2639+£023 7832£3.18 77.15+£033 75.13+£0.05 86.81+0.71 87.02+0.32
Zoom Blur 0247+£0.02 11.18+156 24.65+039 17.46+002 22.83+244 27.08+0.01
Snow 33.65+0.01 1346+445 69.92+0.14 6934+0.13 6597+1.90 65.28+2.70
Frost 33.25+038 47.32+345 68.00+£027 66.93+042 7587039 74.85%0.29
Fog 59.60 £0.10 50.90 +10.07 87.05+0.07 8733039 8451+3.80 88.17+0.06
Brightness 4177£0.03 3536£697 7147+£034 7645+0.14 8210+1.20 82.61+0.92
Contrast 4748 £0.04 00.00+0.00 51.53+0.03 48.93+0.02 1057+3.82 1430+ 1.82
Elastic transform  52.42+0.18 92412093 8630025 88.98+0.14 94.72+0.07 94.85+0.14
Pixelate 03.95+0.01 87.69+2.67 6535+0.09 6571+004 8506+3.32 84.33+0.05
JPEG compression 57.22+0.02 88.93+1.69 83.58+0.07 8332024 9259+122 93.73+0.03
mPC 40.96 56.40 70.96 70.02 75.08 75.83

FLIR-C

Zero-Shot FT LP LP-FT WiSE-ODz5 WiSE-OD, p
Gaussian Noise 31.21£029 28.07+291 41.99+039 39.83+044 4249448 39.33+0.36
Shot Noise 2526+0.12 15.73+£2.05 3324+023 33.15+043 3045+3.96 35.84+0.46
Impulse Noise 17.69+0.03 13224227 26.15+046 2558+0.46 2251+278 26.72+0.18
Defocus Blur 2532+£022 5247+099 4457+0.12 45294020 5408174 5650+ 1.22
Motion Blur 2501 £025 51.71+£2.12 43.01+£041 4279+048 51.03+£2.16 57.24+0.28
Zoom Blur 08.98+£0.05 1797090 15.17+0.02 14.17+0.07 1693+1.00 19.34+0.17
Snow 09.84+0.14 07862201 1694031 19.57+058 13.94+2.66 16.31+0.23
Frost 2196 £0.50 33.87+4.69 36.15+029 37.82+043 37.97+3.63 38.80%2.87
Fog 5636+ 028 73.61+0.06 71.90+037 7126+0.15 78.68+1.24 78.10+1.09
Brightness 64.41£026 75.18+£0.99 7492+020 7424+0.10 79.72+035 78.42+0.17
Contrast 5459+ 0.04 7547+129 71.11+0.13 70.60+030 78.36+1.06 79.72+0.15
Elastic transform  41.88+ 024 69.68+1.15 64.490.18 64.2920.06 73.39+040 73.83%0.54
Pixelate 38.67+0.11 5491+621 5561+009 5553+0.13 61.12+3.13 56.54+0.01
JPEG compression  50.24 +0.14 57.55+3.04 6436030 62.82+0.17 66.65+£0.89 65.70 £ 0.27
mPC 33.67 4430 4711 46.92 50.52 51.59

ers for each dataset; for instance, in FLIR-C, the noise cor-
ruption affected the performance more due to the original
low-quality images. In the IR modality, the contrast cor-
ruption affects the detection performance more because IR
images already have low contrast when compared to natural
RGB images. A similar trend of stability of WiSE-ODzg
for other detectors and corruptions over zero-shot and FT is
shown in the supp. materials.

6.5. Activation map analysis

In this section, we qualitatively analyze activation maps of
Faster R-CNN under corruptions on LLVIP-C for the zero-
shot model, WiSE-OD g, and FT. As shown in Figure 6,
Grad-CAM [19] highlights impulse noise (top) and zoom
blur (bottom), with ground-truth boxes in red (additional
examples are in the supplementary). While FT and zero-
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Table 2. Detection performance for the OD IR Robustness
Benchmark. mPC metric for LLVIP-C with severity 5 and FLIR-
C with severity level 2.

LLVIP-C
Detector
Zero-Shot  FT LP  LP-FT WiSE-ODzs WIiSE-OD.p
Faster R-CNN 40.96 56.40 70.96 70.02 75.08 75.83
FCOS 36.11 61.17 6391 60.26 76.50 75.95
RetinaNet 37.50 61.13 6037 61.11 73.69 74.39
FLIR-C
Detector
Zero-Shot ~ FT LP LP-FT WiSE-ODys WIiSE-ODp
Faster R-CNN 33.67 4480 47.11 46.92 50.52 51.59
FCOS 28.85 41.07 3892 38.14 47.13 46.76
RetinaNet 28.27 4271 36.71 3645 45.35 47.53

shot often fail to detect the person under heavy corruptions,
WiSE-OD g activates more strongly on object regions, in-



Frost / Faster R-CNN / LLVIP (IR) Fog / Faster R-CNN / FLIR (IR)
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Table 3. Ablation of )\ over LLVIP-C and FLIR-C dataset for
Faster R-CNN. Where A = 0.0 represents the zero-shot model,
A = 0.5 represents default WiSE-ODzs and A = 1.0 represents
the fine-tuning model. For LLVIP-C, the severity level is 5.

AP per class (%)
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Corruption Severity Corruption Severity LLVIP-C
(a) Frost (LLVIP-C) (b) Fog (FLIR-C) O(A=0.00 #(A=02) HA=05) HA=08) HA=1.0)
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Imp. N.

Z. Blur

Figure 6. Activation map analysis on LLVIP-C. Rows: impulse
noise (top) and zoom blur (bottom; severity 5). Columns: Zero-
shot (ZS), WiSE-OD s, and FT. Ground-truth boxes in red.

6.6. Real-world OOD Scenario

In this section, we validate robustness on the M3FD
dataset [9], a multi-scenario, multi-modality benchmark de-
signed for fusing infrared and visible modalities in object
detection. M3FD contains diverse real-world IR scenes
across fog, rain, indoor, day, and night conditions, provid-
ing challenging evaluation scenarios for robustness stud-
ies. Models are trained on day images and evaluated on
the other splits, simulating a realistic OOD deployment. As
shown in Tab. 4, WiSE-OD consistently improves over FT
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WiSE-OD

Rain Night

Indoor

Figure 7. Qualitative comparison on M3FD under adverse con-
ditions. Rows: fog, night, rain, indoor. Columns: RGB, IR, Zero-
Shot (ZS), Fine-Tuning (FT), and WiSE-OD ;5.

and ZS: +10.8 mAP (raining), +7.2 (fog), +7.1 (night), and
+0.2 (indoor), for an average gain of +6.3. These gains are
achieved without retraining or access to target data, high-
lighting WiSE-OD’s practicality. Importantly, the consis-
tent improvements on M3FD demonstrate that our approach
is not limited to synthetic benchmarks (LLVIP-C, FLIR-C),
but generalizes to real-world distribution shifts.



Table 4. Detection performance of four detectors across M3FD
splits. Models are trained on IR day images; WiSE-OD is applied
with A=0.5. Results are reported for Rain, Night, Fog, Indoor,
and average across conditions.

Rain Night Fog
APso AP75 mAP APso AP7s mAP APso AP7s

Faster R-CNN

Indoor Avg.

Method mAP APso AP7s mAP APso APrs

mAP

Zero-shot 13.1 6.1 6.7 143 83 82 874 817 684 58 57 44 302 254 220

Fine-tuning 28.0 11.8 13.8 47.8 30.9 294 930 77.5 662 59.8 328 33.2 572 383 357

WiSE-OD 294 13.2 149 433 303 279 972 845 742 592 362 339 573 411 377

FCOS

Zero-shot  10.6 55 56 123 72 7.1 834 748 640 43 40 33 277 229 200

Fine-tuning 21.7 9.5 10.7 423 283 27.9 935 787 659 61.6 32.1 31.7 54.8 37.2 34.1

WiSE-OD 255 11.7 13.0 347 220 216 960 86.8 73.0 564 352 33.7 532 389 353
RetinaNet

Zero-shot 106 49 54 129 7.7 74 914 846 696 90 69 63 31.0 260 222

Fine-tuning 29.3 11.5 13.5 45.0 288 27.3 96.5 828 67.7 553 344 329 56.5 394 353

WiSE-OD 27.2 127 13.7 40.1 27.1 258 97.6 899 73.6 56.7 33.6 32.8 554 40.8 36.5
YOLOvSn

Zero-shot 284 224 20.5 373 346 318 889 849 73.8 22.1 22.1 193 442 410 364

Fine-tuning 29.2 23.1 21.7 49.1 37.7 36.6 92.3 83.6 70.3 55.1 434 385 564 469 41.8

WiSE-OD 42.2 355 325 555 46.1 43.7 953 909 77.5 488 43.6 38.7 604 54.0 48.1

6.7. WiSE-OD;s: Ablation study on )\

In this section, we extensively conducted studies about the
A value to combine the zero-shot RGB COCO pre-training
weights of Faster R-CNN, FCOS, and RetinaNet with the
FT IR under the respective datasets LLVIP-C and FLIR-
C. Evaluating the performance of such weight ensembling
WiSE-OD 25 under the different corruption settings. Here,
in the main manuscript, we show the results for Faster R-
CNN in Table 3 for some values of A, and we provide the
detailed ablation and additional results in the supplementary
material. It is important to mention that in the rest of the
main manuscript, A was fixed to 0.5, while here, we wanted
to further investigate the potential of the WiSE-OD zg over
the different corruptions. In Table 3, the best results for
in-domain performance were with A = 0.5, while the best
out-of-domain was A = 0.2, which shows that for Faster
R-CNN the zero-shot model can bring robustness for the
model, but some corruptions, such as pixelate, are better
when the A is higher.

We observe that A = 0.5 consistently provides a fa-
vorable trade-off, even for FLIR-C, it was the best ID.
For LLVIP-C, WiSE-OD achieved the best mean perfor-
mance under corruption (A = 0.2, mPC 75.82), outper-
forming both the pure fine-tuned model (A = 1.0, mPC
56.40) and the zero-shot model (A = 0.0, mPC 40.96).
Notably, A = 0.5 performs best under heavy corruptions
such as Gaussian noise, Fog, and Brightness shifts, scenar-
ios where both FT and ZS individually struggle. For exam-
ple, under Fog and Brightness, A = 0.5 yields 84.51 and
82.10, respectively, while A = 1.0 achieves only 50.90 and
35.36. This highlights the benefit of WiSE-OD in preserv-
ing complementary robustness features from both models.
Interestingly, A = 0.8 performs well in several cases but
shows more variability, suggesting that moderate ensem-
bling (rather than heavily biasing toward FT) is more ro-
bust under distribution shifts. These results justify the use
of A = 0.5 as a robust default and motivate future work on
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adaptive A selection strategies.

7. Conclusion

In this work, we presented a new benchmark for IR OD ro-
bustness based on the work of Hendrycks and Dietterich
[3], targeting traditional IR datasets such as LLVIP and
FLIR, as well as real-world shifts such as M3FD. Our
new benchmark is a challenging setting for IR robustness
with the introduction of LLVIP-C and FLIR-C. Further-
more, we conducted an extensive study of different robust
fine-tuning strategies over our proposed benchmark and
in real-world OOD data. Additionally, we presented the
WiSE-OD method and its variants WiSE-OD ¢ and WiSE-
ODy p, both of which surpass traditional robustness strate-
gies while also increasing in-domain performance across
different detectors, such as Faster R-CNN, FCOS, Reti-
naNet, and YOLOvS8. Our extensive study shows that our
simple WiSE-OD strategy can mitigate performance drops
without any additional training cost.

Main limitations. WiSE-OD assumes access to both
a zero-shot and a fine-tuned (or linearly probed) model,
which can be infeasible in constrained deployments. A
fixed mixing coefficient (A = 0.5) works well on average
but is not uniformly optimal; we deliberately avoid tuning A
on held-out target data to reflect deployment realities, which
may leave corruption-specific gains unrealized. The method
also inherits weaknesses from its base models; for instance,
if either the zero-shot or FT model underperforms, ensem-
ble gains are limited.

Failure cases. Robustness degrades under extreme corrup-
tions, like severe snow, heavy blur, very low brightness, and
especially low contrast with FLIR-C most affected. In such
scenes, both base models often miss or fragment objects,
and the ensemble propagates these errors, yielding uncer-
tain activations and unstable boxes. Mitigation likely re-
quires corruption-aware ensembling or adaptive \.

Future work. A natural extension is adaptive weight-
space ensembling: predict A per image or corruption
using lightweight signals (e.g., confidence/entropy, or a
small gating network). Integrate WiSE-OD with domain-
generalization to better handle unseen IR conditions with-
out target labels. Finally, evaluate additional sensors (depth,
multispectral) to assess generality beyond IR.
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