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Abstract

In the context of road perception for autonomous
vehicles, short-wave infrared (SWIR) has opened up new
perspectives beyond the visible spectrum, which is prone
to performance degradation in harsh weather conditions
like fog, rain and dust. This paper aims to analyze
the feasibility of using SWIR images to enhance object
detection and segmentation in such weather conditions.
In our experiments, we used data obtained from three
different cameras — including two SWIR technologies
and a conventional visible camera — in different weather
conditions.  The conditions include a clear day for
reference, rain at different rainfall rates, and fog at different
visibility ranges. We explored the performance of several
deep learning algorithms, originally trained on images
from visible domain applied directly to SWIR images.
Quantitative and qualitative analyses for detection and
segmentation were conducted. When applied to SWIR
modalities, the algorithms prove to perform comparatively
to visible in the reference case and to improve detection and
segmentation in harsh weather cases.

1. Introduction

Short-Wave Infrared (SWIR), defined typically in the
spectral range of 1.0 to 2.5 um has opened new perspectives
in context of road perception for autonomous vehicles.
Currently used algorithms for autonomous driving mainly
rely on visible spectrum. However, visible cameras
are prone to performance degradation in adverse weather
conditions such as fog and rain [3, 21]. The integration
of modalities that capture information beyond visible light,
such as long-wave infrared (LWIR) (8 — 12 um) and
near-infrared (NIR) (0.7 — 1.0 um), has been explored as
a way to close this gap [2, 10, 14]. LWIR or thermal
cameras are used for low-light imaging for military and
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(a) Visible spectrum image.

(b) SWIR spectrum image.

Figure 1. Comparison of detections in harsh weather conditions,
here fog, for (a) visible and (b) SWIR images captured at the
Cerema “Rain and Fog” platform [18]. In that case, SWIR allows
to detect the person and the car where the same algorithm fails in
the visible case. Images have been cropped for visualization.

surveillance applications [7, 17, 23]. However, such
cameras are usually of lower resolution, bulkier, more
costly, and the appearance of objects varies according to
ambient conditions. The SWIR spectrum offers distinctive
advantages over these modalities in object detection under
harsh weather conditions, as shown in [1, 5, 9, 22, 24,
31].  Figure 1 illustrates a visual comparison of the
same scene in foggy conditions, captured using a visible
and SWIR camera. When processed through the same
perception algorithm, the SWIR image provides more
correct detections than the visible image.

Historically, the adoption of SWIR was limited to
military use because of the high cost of sensors. However,
recent advancements, particularly the development of
quantum dot-based sensors leveraging CMOS technology
has led to a significant reduction in cost, enabling broader
use in industrial and civilian applications. Furthermore,
quantum dot sensors provide improved sensitivity and
resolution compared to traditional alternatives [8], making
them suitable for perception tasks.

Contribution. To the best of our knowledge, this
paper presents the first comparative study evaluating the



performance of two SWIR technologies — InGaAs [6]
and Colloidal Quantum Dot (CQD) [28] — alongside a
visible-light camera with a specific focus on harsh weather
conditions in controlled environments. The evaluation is
conducted using detection and segmentation algorithms
pre-trained on the visible (RGB) images, with focus on
applications in autonomous driving. The results show that
when applied to SWIR modalities (in particular the CQD
modality), the algorithms prove to perform comparatively
to visible in the reference case, and to improve detection
and segmentation in harsh weather cases.

The remainder of the paper has been organized as
follows: section 2 describes the experimental setup along
with the pre-processing and evaluation metrics that we used.
In section 3, we present the results comparing various
sensing modalities, as well as different detection and
segmentation algorithms under low visibility conditions.
Limitations are also discussed. The section 4 presents a
conclusion and directions for further research.

2. Methodology

In this study, we propose to evaluate on-the-shelf detection
and segmentation algorithms on SWIR images acquired
in different weather conditions to determine if the SWIR
modality would help in these conditions. Quantitative
and qualitative evaluations are performed using several
sensor modalities, during various weather conditions in a
controlled environment, and for several algorithms. This
section contains information on the dataset and sensors
used, the pre-processing step introduced to improve the
detections, the models used for detection and segmentation,
as well as the evaluation metrics used to compare the
sensors and the models.

2.1. Dataset

For our analysis, we took inspiration from the experimental
setup presented in [26]. We acquired data in controlled
conditions at the Cerema “Rain and Fog” platform [18].
Our dataset includes three weather conditions (clear day,
rain and fog) with three different cameras. The same static
scene is used across the entire data set, whereas the dynamic
is given by weather changes. Dataset is available upon
request.

2.1.1. Cameras

The dataset provides three sensing modalities: two SWIR
cameras — an InGaAs based [6] and CQD based [28] — and
one visible (RGB) camera [30]. Cameras will be referred
to as Xenics, SVS and visible, respectively, in the rest
of the paper. Table | details the spectral ranges of the
sensors. Note that even though the spectral range of the
SVS is broader, the camera is mounted with a SWIR-coated
objective lens [29], using then an effective range of 800 nm
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Camera

Type Spectral Range

Dalsa Genie Nano 1630 [30] Visible Camera 380 nm-700 nm

Xenics Bobcat 320 [6] InGaAs-based SWIR 900 nm-1700 nm

400 nm—-1700 nm*
800 nm-1700 nm

SVS Acuros CQD 1280 [28]
SWIR-11 25 mm lens M42 [29]

Quantum Dot-based SWIR
SWIR-coated lens

Table 1. Information on the sensors used for analysis. Two SWIR
sensors as well as one visible has been used for comparison. *The
SVS camera is mounted with a SWIR-coated objective lens, using
then an effective range of 800 nm—-1700 nm.

— 1700 nm. Both SWIR cameras produce a single-channel
grayscale image, in contrast to the three-channel RGB
images produced by the visible camera. The three sensors
are mounted such that they see the same part of the scene.
Note that the resolution is different for each sensor, and
therefore cropped images aligned around the same part
of the scene are used to allow a fair comparison (see
subsection 2.3 and Table 3).

2.1.2. Weather conditions

We divided the dataset into three sequences: clear day
(26 images), foggy day (87 images), and rainy day (125
images). The clear day sequence shows good visibility
conditions and acts as our reference (1 image every second).
The foggy day sequence progressively increases the amount
of fog, reducing the visibility conditions, and then dissipates
progressively (1 image every 5 seconds). The rainy day
sequence progressively increases the rainfall rate (1 image
every 5 seconds). The first half of the sequence uses small
size droplets, and thus is considered as light rain. In the
second half (at around 375 seconds), the size of the droplets
increases, and is thus considered heavy rain. Figure 3
gives an overview of the SWIR images in all three weather
conditions. Note that as we focus the study on weather
conditions, up to our knowledge, the dataset used is the only
one providing controlled meteorological metrics (visibility
(m), rainfall rate (mm/h), and droplet size (small or large).

2.2. Detection and Segmentation Algorithms

This study explores four popular on-the-shelf deep learning
detection and segmentation models pre-trained on RGB
images without fine-tuning:

YOLOv8x-seg [13] and YOLOv11x-seg [12] pretrained
on COCO dataset [19] were used with default parameters
(i.e., a confidence threshold of 0.25).

GroundedSAM [25] was executed with the SwinT
backbone for GroundingDINO [20] and ViT-H backbone
for SAM [16], while the box threshold used was 0.35 and
the text threshold was set to 0.25. The same COCO labels
detected in our dataset by YOLO have been provided to
GroundingDINO.

MMSegmentation [4] pretrained on Cityscapes was also
used with the default parameters.



Algorithms Tasks Avg Time/Image
YOLOvV8x-seg [13] Detect+Segment (COCO labels) 0.07 sto 0.1 s
YOLOvl11x-seg [12]  Detect+Segment (COCO labels) 0.07 sto 0.1 s
Grounded SAM [25]  Detect+Segment (open set) 2stods
MMSegmentation [4]  Detect+Segment (Cityscrape) 045t00.8s

Table 2. List of detection and segmentation algorithms used to
compare SWIR and visible images along with their precessing
time per image. YOLO proves to be the fastest of the algorithms.

(a) YOLOVS-seg

b) Ground

(

S =

Clear Day

Figure 2. Outputs of different detections and segmentation
algorithms on SWIR images acquired through the SVS [28].
(a) YOLOv8x-seg and (b) GroundedSAM give comparative
performances, (c) MMSegmentation struggles to adapt to SWIR
images, hence we discarded MMSegmentation from further
analysis.

All models were executed on NVIDIA GeForce GTX 1080
GPU, CUDA 11.7, with 8 GB of VRAM. The models are
summarized in Table 2 with their execution time. Note
that the YOLO algorithms prove to be the fastest of the
evaluated algorithms.

We focused only on the detection of one person and
one car for this analysis, which are also the only two
COCO labels [19] present in the frames. For ground
truth, we therefore independently annotated each sensor for
each weather condition using RoboFlow [27]. Figure 2
shows SWIR images annotated with the output of the
selected models. We observed that while YOLOv8x-seg
and GroundedSAM give comparative performance on
SWIR images, MMSegmentation fails to adapt and results
in inconsistent detections.  Henceforth, we chose to
discard MMSegmentation from further study. Moreover,
YOLOv11x-seg was used solely for the comparison of the
different models (see subsubsection 3.2.2).

2.3. Preprocessing

We introduced an initial preprocessing step that is carried
out on images taken by both SWIR cameras. It allows

edSAM (c) MMSegmentation
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(b) Rain

(a) Clear Day

Preprocessed

Figure 3. Visual comparison of preprocessed images against raw
images acquired through the Xenics [6] and detected through
YOLOvVS8x-seg [13]. (a) Clear Day: without preprocessing a
truck is detected instead of a car; (b) Rain and (c) Fog: the
car is not detected in raw images but effectively detected after
preprocessing.

Camera Cl Image di Pixel Range
Xenics Bobcat 320 (SWIR) 1 320 x 256 [0,255]
SVS Acuros CQD 1280 (SWIR) 1 350 x 240 [0,255]
Dalsa Genie Nano 1630 (Vis) 3 370 x 250 [0,255]

Table 3. Image formats of SWIR and visible images after
preprocessing to be taken as input by the algorithms. Since the
resolution is different for each sensor, we cropped images around
the same part of the scene to allow a fair comparison. Note also
that since the algorithms used 8-bits images, the SWIR images has
been converted to that same format.

us to balance the contrast and to improve detections when
run through the visible pre-trained models. Note that the
images taken by the visible camera were used without
any preprocessing. The following scheme was used to
preprocess SWIR images: 1) Thresholding: Pixel intensity
values were clipped at a 99% confidence interval threshold
to remove outliers that may distort overall contrast (e.g.,
saturated pixels); 2) Stretching: The histograms were
stretched throughout the range to improve visual contrast.
In addition, images taken from the SVS camera and the
visible camera were cropped and aligned to focus on the
region of interest and match it with the focus of the Xenics.
Table 3 shows the image formats of the three sensor outputs
after preprocessing which are then fed into the models.

Figure 3 shows the visual improvements after the use
of the preprocessing method which improves the detections
through the YOLOv8x-seg model. Our preprocessing will
be quantitatively validated, across all sensor modalities, in
section 3.

2.4. Evaluation Metrics

The evaluation was carried out along two axes: 1)
quantitative analyses for detection of objects across



all images, per weather condition and model; and
2) qualitative analyses for detection and segmentation
results in individual frames. To compute the metrics,
we followed the same process as in [I5] where the
intersection-over-union (IoU) of each ground truth mask is
calculated against each predicted mask with the same class
label. The predicted mask is then classified as:

True Positive (TP): If the predicted mask matches the
ground truth mask with an IoU > 0.3.

False Positive (FP): If the prediction does not match any
of the ground truth masks.

False Negative (FN): If the ground truth segment does
not match the prediction.

Note that in case of double detections for the same object in
the ground truth, the prediction matched with higher IoU is
considered as TP and the other one is considered as FP. We
henceforth compute per-frame TP, FP and FN.

2.4.1. Quantitative metrics for detection

Precision, Recall and F1-score have been computed over all
frames from each camera, for each weather condition, and
for each algorithms. The metrics have been defined as:

2 |TP|

Precision = — =~~~ 0
S°|TP| + 3" |FP|
S [TP)
Recall = ’ o
> ITP[+ 37 [FN]
Fl-score = 2 - Pre(f1s.10n - Recall
Precision + Recall
TP
= 2 |TP| 5

~ XITP|+ 5 YO[FP| + 5 XS |FN|

For this comparison, the metrics have been aggregated over
each sequence so that it provides a broader assessment over
variable visibility / rainfall rate range. Precision measures
the accuracy of positive predictions. Recall measures the
model’s ability to find all the positive instances. F1-score
balances the two metrics into a single number.

2.4.2. Qualitative metrics for segmentation

Since the objective is to obtain a segmentation per instance
of the scene, we based our evaluation on the Panoptic
Quality (PQ) and Segmentation Quality (SQ) as defined in
[15]. The comparison of segmentation quality has been
done on a per frame basis. Panoptic Quality (PQ) is
calculated for each frame from SQ and Recognition Quality
(RQ) which are defined as:

2 pgereloU® 9)
|TP|
|TP|
|TP| + $|FP| + 1 |FN|

Segmentation Quality (SQ) = 4)

Recognition Quality (RQ) = ®))
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where p denotes a predicted mask and g denotes its
corresponding ground truth mask, with the pair (p,g)
belonging to the set of true positives (TP). Finally, the PQ
score is computed as

Panoptic Quality (PQ) = SQ x RQ. (6)
Note that RQ is similar in nature to Fl-score (see
Equation 3), and thus impacted by incorrect detections (FP),
while SQ focuses solely on the quality of segmentation
of the detected elements (TP). SQ is simply the average
IoU of the TP, measuring then the performance of the
segmentation task. PQ captures performance for all classes
in an interpretable and unified manner.

3. Results and Discussions

The analyses of experimental results have been organized
as follows: Quantitative analysis that validates our
preprocessing step and globally compares models / cameras
on object detection tasks, and qualitative analysis that
provides a frame-by-frame comparison of preprocessed
outputs from different sensing modalities and a comparison
of different deep learning models based on the quality of
detection and segmentation.

3.1. Quantitative Analysis

Quantitative metrics are reported in Table 4, for each
sequence, each camera, for two algorithms, with and
without our preprocessing step.

We observe that with YOLOv8x-seg, the recall and
Fl-score always increase when the data is preprocessed.
The increase of FP and the subsequent decrease of precision
is related to the double detections introduced likely due
to another set of headlights near the car in the frames.
These double detections could drastically be reduced
by implementing a Non-Maximum Suppression (NMS)
post-processing step. A similar trend is observed with
GroundedSAM where the precision and Fl-score either
increase significantly or remain within a comparable range.
However, GroundedSAM detects a ‘fire extinguisher’ and
‘tie’ (as also seen in Figure 2) in most of the high visibility
frames which makes the FP count high and thereby the
precision lower in some cases. This also results in a lower
range of overall Fl-scores of GroundedSAM compared to
those of YOLOv8x-seg. Overall, our preprocessing pipeline
increases the number of TP and improves the Fl-scores,
validating its efficiency in model performance.

Through all three sequences, we observe a higher
F1-score on visible image data compared to SWIR images.
It can be explained in part by the fact that the models
are pretrained on visible images, which favors then the
visible modality. Overall, the scores are similar given the
modality, showing the applicability of the algorithms on



Sequence Camera Algorithm Preprocessed TP 1 FP | FN | Precision 1 Recall F1 Score 1
Yes 120 111 54 0.5195 0.6897 0.5926
VS Grounded SAM No 117 98 57 0.5442 0.6724 0.6015
Yes 101 12 73 0.8938 0.5805 0.7038
YOLOv8 No 100 25 74 0.8000 0.5747 0.6689
Fog _ Grounded SAM No 99 4 75 0.9612 0.5690 0.7148
. 1S1D1e
(87 images) YOLOVS No 103 3 71 0.9717 0.5920 0.7357
Yes 101 80 73 0.5580 0.5805 0.5690
. Grounded SAM No 75 60 99 0.5556 0.4310 0.4854
Xenics
Yes 110 6 64 0.9483 0.6322 0.7586
YOLOVS No 78 4 96 0.9512 0.4483 0.6094
Yes 245 249 5 0.4960 0.9800 0.6586
Vs Grounded SAM No 214 219 36 0.4942 0.8560 0.6266
Yes 244 28 6 0.8971 0.9760 0.9349
YOLOv8 No 225 33 25 0.8721 0.9000 0.8858
Rain _ Grounded SAM No 250 27 0 0.9025 1.0000 0.9488
. 1S1D1e
(125 images) YOLOVS No 250 7 0 0.9728 1.0000 0.9862
Yes 186 211 64 0.4685 0.7440 0.5750
_ Grounded SAM No 159 123 91 0.5638 0.6360 0.5977
Xenics
Yes 192 37 58 0.8384 0.7680 0.8017
YOLOv8 No 153 10 97 0.9384 0.6120 0.7409
Yes 52 60 0 0.4643 1.0000 0.6341
svs Grounded SAM No 52 60 0 0.4643 1.0000 0.6341
Yes 52 4 0 0.9286 1.0000 0.9630
YOLOv8 No 49 10 3 0.8305 0.9423 0.8829
Clear Day _ Grounded SAM No 47 2 5 0.9592 0.9038 0.9307
. 1S1D1e
(26 images) YOLOVS No 52 0 0 1.0000 1.0000 1.0000
Yes 49 25 3 0.6622 0.9423 0.7778
. Grounded SAM No 47 25 5 0.6528 0.9038 0.7581
Xenics
Yes 51 15 1 0.7727 0.9808 0.8644
YOLOv8 No 50 14 2 0.7812 0.9615 0.8621

Table 4. Quantitative evaluation across fog, rain and clear day sequences for preprocessed and non-preprocessed frames. Recall and F1
score increase significantly for SWIR images upon preprocessing in most of the cases. In clear and rain cases, the modalities perform
comparatively, whereas SWIR shows a slight improvement in the fog case. Bold font indicates the best results, underline font indicates the

second best, and ifalic font indicates the third best per sequence.

SWIR. In relation to the two SWIR modalities, the SVS
provides results superior to those of the Xenics on the three
sequences. Even if GroundedSAM provides globally more
TP than YOLOVS, it also gives significantly more false
positives (i.e., other objects detected). Note also that the
metrics are aggregated over the whole sequence, which
does not clearly highlight the differences during the harsher
weather conditions of the sequences. However, we can see
that in case of fog, the SWIR cameras show a higher recall
than visible, highlighting the potential usefulness of this
spectrum in this harsh condition.

3.2. Qualitative Analyses

Those qualitative analyses have been carried out for two
purposes. First, a comparison of the sensing modalities
where SQ is plotted as a function of time (with additional
axis to show varying visibility / rainfall rate) for the same
model and weather condition. Note that this metric does
not take FP and FN into account, and we focus solely on
the quality of segmentation of the detected elements for
this analysis. Second, a comparison of models where PQ
for each model is plotted as a function of meteorological
visibility in fog conditions and as a function of rainfall rate
in rainy conditions using data from the same camera. Since
we focus on the comparison of the algorithms, we used the
PQ score as we want to better highlight the overall capacity
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Figure 4. Qualitative analysis of the Segmentation Quality (SQ) as function of the time (with additional axis for visibility / rainfall rate)
for comparison of the three sensing modalities, in different weather conditions. (a) Clear day for reference performance in high visibility
conditions, (b) in rainy conditions, SWIR and visible cameras show competitive performances while SVS achieves a higher SQ when
rainfall rate increases, (c) in foggy conditions, SWIR cameras stay functional longer in low visibility, marking superior performances.

of each algorithm for different weather scenarios.

Only preprocessed frames have been used for SWIR
images. PQ graphs have been interpolated with LOWESS
(with a span of 0.5) since several values can be acquired
for the same meteorological visibility. SQ graphs have been
smoothed using a Gaussian filter (o 2) to enhance the
visual clarity of the trends.

3.2.1. Comparison of Sensors

Figure 4 presents the graphs for the comparison of
three cameras, under each weather condition, and for
two algorithms. Figure 4 (a) shows performance under
clear weather condition with high visibility throughout
the image sequence for reference, where all three
cameras show comparable SQ in the same range for
both models. Figure 4 (b) introduces rain in the scene,
which is parameterized by rainfall rate (mm/h). When
processed with YOLOvS8x-seg, the SVS and visible camera
give competitive results, with both exhibiting a drop
in SQ during spikes in rainfall rate. =~ However, with
GroundedSAM, SVS demonstrates a superior performance
maintaining a higher score even under increased rainfall
spikes. Xenics struggles to adapt to sudden increases in
rainfall, resulting in the lowest SQ in severe condition.
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To simulate heavy rain, at around 375 seconds into the
sequence, the size of the droplets increases while the density
of droplets decreases. This in turn results in increased
visibility of the scene, which also explains the increased SQ
across all three cameras despite the increasing rainfall rate
after this point. Figure 4 (c) compares modalities in foggy
conditions, where the meteorological visibility (m) has
been considered as a parameter. With both GroundedSAM
and YOLOv8x-seg, as the visibility decreases, SWIR
cameras maintain a higher SQ score and remain functional
for a longer duration compared to the visible camera.
Under high-visibility conditions, the performance of all the
cameras remains in a comparable range as also seen in the
clear-day sequence.

Except for Xenics that exhibits a more unstable behavior
with changes in weather conditions, both the SVS and
visible perform comparatively. = SWIR proves to be
operational for a longer duration in case of reduced
visibility with fog.

3.2.2. Comparison of Models

Figure 5 presents the comparison of deep learning models
using the PQ score for the detection and segmentation task
of a person and a car.
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Figure 5. Qualitative analysis of the Panoptic Quality (PQ) as function of the visibility / rainfall rate for comparison of detection and
segmentation models with (a) Visible, (b) SVS, and (c) Xenics cameras. YOLOv8x-seg and GroundedSAM give comparative performance
in low-visibility conditions, while GroundedSAM results in suboptimal PQ score in high-visibility conditions. YOLOv11x-seg shows
unstable behavior across different evaluations. YOLOv8x-seg can be a suitable choice to be applied to SWIR modality, which offers a

balance between detection accuracy and inference speed.

In rainy conditions, all models show competitive
performance with visible images. However, with both
SWIR cameras, GroundedSAM consistently yields the
lowest PQ across the sequence, which is primarily due to
the number of FPs detected. In addition, a sharp edge is
observed with all three cameras at a rainfall rate of 80 mm/h.
This corresponds to the transition from light to heavy rain,
associated with a change in droplet size. Beyond this, PQ
improves as the visibility of the scene increases. Xenics
demonstrates a higher sensitivity to rain, as evidenced by
the lowest PQ score of all models compared to other sensing
modalities. Note that we also computed the SQ score, and in
the rain sequence, the scores are similar for all modalities,
for all algorithms, and do not vary significantly as visibility
decreases. In this condition, YOLOv8x-seg applied to
visible and SVS yield the best performances.

In fog conditions, YOLOvV11x-seg exhibits performance
degradation when applied to visible camera images,
with PQ dropping to zero at a relatively high visibility
compared to other models. In contrast, GroundedSAM
and YOLOv8x-seg remain competitive throughout. When
applied on both the SWIR camera images, all models
remain competitive during low visibility conditions.
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However, GroundedSAM yields low PQ is high-visibility
conditions, again due to an increased number of FPs
detected. Both YOLO variants show comparative
performance in both the SVS and Xenics modalities.

Overall, considering the SQ and PQ scores of both
algorithms, and the computational time reported in Table 2,
YOLOvV8x-seg applied to SWIR imaging with the SVS
can be considered a good solution for perception in harsh
weather conditions.

3.2.3. Limitations of the comparisons

Our comparisons present several limitations. All models
used for this analysis have been pre-trained on visible
(RGB) dataset, and may lack domain-specific adaptation
to SWIR spectrum. This may result in suboptimal
performance on SWIR data, particularly under harsh
weather conditions. Moreover, quantitative metrics are
computed across the entire sequences, which does not
directly emphasize the potential advantages of the SWIR
spectrum under severe weather cases. In contrast, we
can see the influence of the meteorological conditions
through the segmentation quality (SQ) score graphs. In
addition, modalities are not perfectly registered (slightly



different point of view, not the same focal length, different
field of view, etc.) which might influence the evaluation
results. Furthermore, no post-processing has been applied
on detections which could have significantly reduced the
number of false positives (FPs). Similarly, no tracking
is considered across the sequences, which could have
improved the number of correct detections.

4. Conclusion

This paper provided an analysis of SWIR and visible

imaging systems for outdoor perception tasks, with
potential applications in driving assistance systems
(ADAS). Based on our results, we validated our

preprocessing step for SWIR images through quantitative
and qualitative analyses. In particular, our study focuses
on the detection of people and cars in urban environments
under weather conditions that included rain and fog using
the SWIR spectrum. The experiments comparing two
SWIR cameras with a visible camera, demonstrate that the
SWIR cameras remain functional for longer periods during
dense fog conditions and remain competitive to visible
during light and heavy rain conditions. They are therefore
suitable for operation in low-visibility conditions. With
regard to comparison between the two SWIR modalities,
the SVS is generally more stable than the Xenics with
slightly better performances.

We also give a comparison of various detection
and segmentation models pre-trained on visible images
while being applied on SWIR images. GroundedSAM
and YOLOv8x-seg exhibit comparable performance in
terms of PQ score in low-visibility conditions, and
GroundedSAM performs suboptimally in high-visibility
conditions primarily due to a number of FP detections.
YOLOvVI11x-seg demonstrates inconsistent behavior across
different plots, indicating instability in its performance.
Taking into account SQ, PQ and computational time,
YOLOvV8x-seg applied to SWIR imaging with the SVS
can be considered a good solution for perception in harsh
weather conditions.

In conclusion, given our results, when applied to SWIR
modalities, the algorithms prove to perform comparatively
to visible in the reference case, and to improve detection
and segmentation in harsh weather cases. However, further
work need to be done to unlock the full potential of the
SWIR modality.

Future works. In parallel of our investigations, a new
dataset named RASMD containing SWIR images has been
published [11]. As our current experiments focus on a static
scene to evaluate algorithms in different controlled weather
conditions, we plan to evaluate the case of dynamic scenes
with the help of the RASMD dataset. Future works will
include fine-tuning the models on SWIR based on methods

2218

such as domain adaptation or knowledge distillation to
improve performance in adverse weather. A potential
direction can involve the fusion of both modalities to
take advantage of both, such as semantics for visible and
resilience to harsh conditions for SWIR.
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