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Abstract. Autonomous vehicles and robotic systems are increas-
ingly used to perform operations in environments that bear poten-
tial risks to humans (e.g. areas affected by natural disasters, war-
fare, or planetary exploration). One source of danger is the contam-
ination with hazardous substances. In order to improve situational
awareness and planning, such substances must be detected using the
sensors of the autonomous system. However, training a supervised
machine learning model to detect different substances requires a la-
belled dataset with all potential substances to be known in advance,
which is often impracticable. A possible solution for this is to pose an
anomaly detection problem where an unsupervised algorithm detects
suspicious substances that differ from the normal operation environ-
ment.

In this paper we propose SpectrAE, a convolutional autoencoder-
based system that processes multispectral imaging data (covering
visible to near-infrared ranges) to identify surface anomalies on
roads. Unlike traditional detection methods such as gas chromatog-
raphy and physical sampling that risk contamination and cause op-
erational delays, or laser-based remote sensing techniques that re-
quire pre-localisation of potential hot spots, our approach offers near
real-time detection capabilities without prior knowledge of specific
hazardous substances. The system is trained exclusively on normal
road conditions and identifies potential hazards through localised re-
construction loss patterns, generating Areas of Interest for further
investigation. Our contributions include a robust end-to-end detec-
tion pipeline, comprehensive evaluation of system performance, and
a roadmap for future development in this emerging intersection of
autonomous systems and crisis response technologies.

1 Introduction

Operations in uncertain environments face critical challenges, for ex-
ample, transporting relief supplies through hazardous and potentially
contaminated areas. To this end, remotely controlled and autonomous
vehicles are increasingly used to reduce the risk for humans. This
comes with the need for technical solutions regarding environmental
perception, hazard assessment, and route navigability among other
challenges.
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Figure 1. End-to-end illustration of our substance detection pipeline. The
system processes raw multispectral input images (left), extracts relevant

spectral features through an autoencoder architecture, and generates a binary
detection mask (right). These masks enable subsequent analysis and

characterisation of the substances within the regions.

In this work, we address a key open problem: the autonomous
identification of unknown and potentially hazardous substances
along roads. A primary obstacle is the lack of comprehensive, la-
belled datasets for supervised learning, as most hazardous substances
are rare or unknown a priori. We therefore frame the task as an
anomaly detection problem, flagging substances that differ from the
established environmental norms as potential hazards.

Traditional methods, such as gas chromatography or swipe sam-
pling for biological substances, involve the risk of contamination of
personnel as they require physical contact with the substance. Instan-
taneous recognition, and thus time-critical path planning, are almost
impossible with these methods. Established remote sensing meth-
ods—like laser spectroscopy—allow for safer, stand-off detection but
often scan only small, targeted regions at a time. Consequently, a
crucial prerequisite is the reliable identification, from a distance, of
potential hot spots on road surfaces where contamination may have
occurred.

To address this, we propose a new machine learning pipeline for
anomaly detection on road surfaces, leveraging multispectral imag-
ing and an unsupervised convolutional autoencoder [7] architecture,
which we call SpectrAE. The system is first trained on multispec-
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tral images representing normal road conditions, learning to accu-
rately reconstruct these inputs. When subsequently exposed to envi-
ronments containing unknown substances on roads, the model iden-
tifies these anomalies through localised reconstruction loss patterns,
generating Areas of Interest (AoIs) for further analysis. This work-
flow is illustrated in Figure 1.

The focus of this paper is to demonstrate the performance of the
SpectrAE pipeline in detecting AoIs corresponding to substances in-
tentionally applied to road surfaces.

To the best of our knowledge, this is the first work to apply
autoencoder-based anomaly detection to multispectral road imagery
for autonomous hazard detection. Specifically, our contributions are:

• A novel machine learning pipeline capable of detecting unknown
substances on road surfaces using multispectral imaging and un-
supervised anomaly detection;

• An analysis of the detection performance of our pipeline;
• Insights and guidelines for future research, informed by the devel-

opment and challenges we encountered.

Overall, we see this work as a first step towards practical remote
hazard detection for autonomous crisis response vehicles. The code
is available on GitHub: https://github.com/DLR-SC/SpectrAE.

2 Related Work

Extensive research has explored the application of autoencoder-
based architectures for anomaly detection in RGB imagery [21, 2,
5, 14, 4, 28]. Typically, these approaches investigate diverse encoder
designs and utilise reconstruction error as a means of identifying
anomalies—a strategy also central to our proposed method.

Beyond RGB imagery, both multispectral and hyperspectral im-
agery have been used for anomaly detection tasks. Multispectral im-
ages contain a limited number of spectral bands, whereas hyperspec-
tral images offer hundreds of narrow spectral bands. However, this
spectral richness comes with a significant trade-off: hyperspectral in-
formation requires considerably longer acquisition times. In contrast,
multispectral data can be captured rapidly.

Compared to RGB and hyperspectral imagery, anomaly detection
in multispectral imagery remains relatively under-explored. Most ex-
isting multispectral anomaly detection studies rely on data gathered
from satellite imagery or unmanned aerial vehicles (UAVs). For ex-
ample, Lai et al. [13] employed a convolutional autoencoder frame-
work to distinguish between coal and gangue in multispectral im-
ages in a laboratory environment. Hupel et al. [10] adapted classical
anomaly detection algorithms, initially designed for hyperspectral
datasets—such as the Reed-Xiaoli (RX) algorithm [19]—for cam-
ouflage detection tasks in military scenarios. Recently, Hikuwai et
al. [9] applied mask region-based convolutional neural networks on
multispectral satellite data to detect hazardous asbestos material in
suburban residential areas. Despite these advancements, multispec-
tral anomaly detection using ground vehicle-based platforms has no-
tably remained absent from prior literature. Our work fills this gap,
extending multispectral anomaly detection techniques into a new op-
erational domain with significant practical implications for crisis re-
sponse and autonomous navigation.

Hyperspectral imagery, on the other hand, dominates the liter-
ature on spectral anomaly detection. The appeal of hyperspectral
data is partly due to its richer spectral information, as well as the
widespread availability of datasets from satellite-based platforms.
Classical hyperspectral anomaly detection algorithms include the RX
approach [19] and statistical density estimation techniques [20, 16].

Recent developments have introduced machine learning advances,
including isolation forests [24] and numerous autoencoder architec-
tures [29, 15, 25, 6, 27, 3, 1], achieving progress towards robust
anomaly detection in hyperspectral contexts.

3 Method

This section outlines our methodological approach. We begin by
defining the task and describing the data acquisition process. Further-
more, we present the full machine learning pipeline, detailing each
component.

3.1 Task Definition

The goal of our pipeline is to automatically detect AoIs in multi-
spectral images that contain unknown and potentially hazardous sub-
stances on roads using vehicle-mounted sensors (Fig. 2). Multispec-
tral cameras capture environmental data to identify potentially haz-
ardous substances in the vehicle’s path, generating AoIs as a pre-
requisite for targeted probing, for example, using laser-induced fluo-
rescence (LIF) technology. The general concept is illustrated in Fig-
ure 1.

Hazardous substance detection using multispectral imaging from
mobile platforms remains an under-explored research domain (see
Sec. 2), necessitating our exploratory approach. Several fundamental
challenges characterise this problem:

1. The concept of "hazardous substances" lacks precise definition
and encompasses a highly heterogeneous class of substances.

2. No comprehensive database exists for the training of supervised
detection systems.

3. Creating manually labelled datasets with sufficient scope and di-
versity would be very resource-intensive.

These constraints direct our investigation towards unsupervised
learning methods. Our approach leverages a key insight: road sur-
faces exhibit high structural and compositional consistency across
diverse geographic settings, providing a stable baseline for anomaly
detection. By training a model to understand the characteristic spec-
tral signatures of typical road environments, we can identify devia-
tions that potentially indicate hazardous substance presence.

3.2 Sensor Array

Our experimental platform utilises a multi-sensor array mounted on
a test vehicle (Fig. 2). While the complete array incorporates a laser-
based UAV classification system (LUCS) [12], radar, an alignment
laser, GPS, multispectral cameras, and brightness sensors, the pre-
sented work focuses exclusively on the multispectral imaging ca-
pabilities. Future work will integrate data from the complementary
sensors to enhance detection performance. The sensor array was po-
sitioned to capture the road surface directly in the vehicle’s path.

The multispectral imaging subsystem employs two specialised
cameras from the SILIOS Technologies CMS series1: the CMS-C
operating in the visible spectrum (VIS, 430-700 nm) and the CMS-S
operating in the near-infrared spectrum (NIR, 650-930 nm). In the
following, these two sensors are referred to as VIS and NIR respec-
tively. The cameras produce raw images at 1280 × 1024 pixel res-
olution. To yield multispectral images, each camera incorporates a
Bayer-like mosaic filter array. Instead of a common RGB filter array,

1 https://www.silios.com/cms-series
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Figure 2. The current sensor array mounted on top of the test vehicle.

the array mosaic is built from 3× 3 filter macro-pixels. These 3× 3
filter matrices consist of 8 distinct spectral filters plus one panchro-
matic (greyscale) channel. The centre wavelengths of the spectral fil-
ters are approximately evenly distributed over the covered spectrum
and have an average spectral resolution (full width at half-maximum)
of 40 nm. The pixel values are digitised at 16-bit precision.

The cameras are aligned to have a focal point at a distance of 10 m
(which is the working distance of the laser spectroscopy-based detec-
tion system). This results in a field of view of 5.7×4.5m2. These raw
images undergo demosaicing to separate the spectral bands, yielding
9 distinct spectral images per camera at 426 × 339 pixel resolution
each. The cameras are run at 17 frames per second, with a customised
auto-exposure algorithm. This auto-exposure ensures a maximum of
1.5% of the pixels to be saturated within a core region of the pic-
ture (687 × 687 pixels around the image centre). Unless otherwise
specified, NIR images are used in the figures.

3.3 Data Capture

All experimental data were acquired using the vehicle-mounted sen-
sor array described in Section 3.2 and depicted in Figure 2.

We developed a controlled experimental protocol that uses envi-
ronmentally safe placeholder substances that have visually and spec-
troscopically similar characteristics to certain hazardous substances.
These serve as proxies for hazardous substances in our anomaly de-
tection framework. They are presented in Table 1 and an RGB image
of the substances applied to a road is shown in Figure 3.

Our approach offers two key advantages: it enables system devel-
opment and validation that are safe for both personnel and the envi-
ronment, and it establishes a proof-of-concept for subsequent testing
with actual hazardous substances.

Table 1. The substances used in our experiments.

Substance Abbreviation

Potting Soil So
Blue Nitrate Fertiliser Fe
Potting Soil + Fertiliser SoFe

Sand Sa
Washing Powder Wa

Ethanol Et

The substances were selected based on two criteria. Firstly, they
are readily accessible and categorised as safe for public road appli-
cation. Secondly, each substance offers distinct spectroscopic prop-
erties valuable for experimental analysis: blue fertiliser provides a
significant and unique spectral signature; washing powder delivers
prominent white visibility with potential fluorescence from addi-
tives; sand mimics the appearance of washing powder without fluo-
rescent properties; soil represents elements commonly found in stan-
dard road training data (such as residue from agricultural vehicles);

and ethanol was included to examine contrasts with rain-dampened
road surfaces.

The soil and fertiliser were mixed together in different ratios (1p1
meaning 50/50 ratio, 1p4 meaning 20/80 ratio) to analyse differences
in detection performance for different manifestations of spectral fea-
tures (“blueness”) between them. Furthermore, we applied different
amounts of the substances to yield different sample sizes.

Sand 50g

Sand 25gSoil 100g

Soil 50g

Soil+Fer liser 50/50 100g

Soil+Fer liser 50/50 50g

Soil+Fer liser
20/80 50g

Soil+Fer liser 20/80 100g

Ethanol

Washing 
Powder 50g

Washing 
Powder 25g

Spectralon

Figure 3. Test road with labelled substances which should be detected as
AoIs.

3.4 Area of Interest Detection Pipeline

As aforementioned, identifying AoIs in multispectral imagery of
roadways that contain unknown substances is framed as an anomaly
detection problem. By training an autoencoder on normal images, re-
construction errors in parts of an image indicate anomalies, and thus,
areas that contain unknown substances.

An overview is depicted in Figure 4. The particular processing
steps are outlined in detail in the following.
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Figure 4. The full pipeline: A multispectral image is captured by the
sensor array. In this case, the image contains hazardous substances. The

autoencoder does not reconstruct them as accurately as the surrounding road,
leading to localised losses. These are then post-processed to create AoIs for

further analysis.

3.4.1 Preprocessing

The preprocessing transforms the raw multispectral images into a
standardised format suitable for subsequent analysis. We extract the
9 spectral bands from each composite image using the demosaicing
procedure described in Section 3.2. This transformation converts the
original 1024×1280 image tensor into a 9×339×426 tensor, where
the 9th channel represents the greyscale data. To eliminate bound-
ary artefacts that could potentially introduce noise into the analysis,
we perform a centre cropping. The resulting tensor has the shape
9× 320× 416. As a final preprocessing step, we normalise all pixel
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values to the range [0, 1], ensuring consistent input scaling across all
spectral bands.

It is important to acknowledge that the camera manufacturer
(SILIOS Technologies) recommends white reference correction and
crosstalk correction to properly compensate for illumination vari-
ations and spectral leakage between adjacent filters. While these
are important calibration procedures, our specific implementation
of these corrections introduced unexpected artefacts that degraded
model performance. This implementation challenge reflects limita-
tions in our current data capturing pipeline. We continue to work on
properly integrating these corrections into our processing pipeline for
the future.

3.4.2 Autoencoder for Identifying Areas of Interest

SpectrAE is a convolutional autoencoder-based architecture designed
for detection of unknown substances using multi-spectral imagery
(Fig. 5). The model processes input from either the VIS or NIR cam-
era, which capture complementary information about surface mate-
rials.
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Figure 5. Architecture of SpectrAE: The shape of the tensor is provided at
certain steps in the model to illustrate the feature dimensions.

SpectrAE implements reconstruction-based anomaly detection
principles. During training, the model learns to accurately reproduce
normal road surfaces by minimising reconstruction error on a dataset
consisting exclusively of normal roads. This unsupervised approach
enables the network to implicitly learn the characteristic spectral sig-
natures and spatial patterns that define typical road surfaces without
requiring labour-intensive manual labelling.

When deployed on test images containing anomalous substances,
the decoder attempts to reconstruct what it expects—a normal road
surface—rather than faithfully reproducing anomalous regions. This
leads to a noticeable difference between the original input and the
reconstruction precisely in areas containing potential hazards. The
differences between actual and reconstructed image channels are re-
ferred to as loss images in the following.

The SpectrAE architecture (Fig. 5) follows established design
principles for convolutional autoencoders [7]. The encoder com-
prises sequential 2D convolution blocks that progressively reduce
spatial dimensions while increasing feature channels, culminating in
a linear layer that transforms the processed features into a compact
latent representation. The decoder then reconstructs the input dimen-
sions through a linear layer followed by consecutive deconvolution
blocks. A sigmoid activation function in the final layer constrains
output values between 0 and 1, matching the normalised input range.
All convolutions utilise a 3 × 3 kernel size with padding of 1 to
preserve spatial information. The encoder employs a stride of 2 for
downsampling, while the decoder uses a stride of 1 for precise recon-
struction.

3.4.3 Postprocessing

After obtaining the reconstruction loss images (difference between
input and reconstructed channels), AoIs are identified and refined in
multiple stages (see bottom of Figure 4).

First, it has to be determined if the reconstruction error for particu-
lar pixels is out of the expected range, for a given spectral channel. To
this end, we follow the common approach to take the 95th percentile
of pixel losses across the validation set (containing only normal road
surfaces). This method establishes channel-specific thresholds that
account for the unique loss distribution characteristics of each spec-
tral band that are then used to create binary anomaly maps per chan-
nel.

To maximise detection sensitivity, these channel-specific anomaly
maps are combined by taking their union across all eight spectral
bands (excluding the greyscale channel). This approach ensures that
anomalous pixels in any spectral band are captured in the final detec-
tion output, even if they appear normal in other bands.

The binary anomaly mask after the union is quite noisy because of
salt-and-pepper noise. For denoising, we apply a sequence of oper-
ations; first a morphological opening operation with a 2 × 2-kernel,
followed by a median blur with a 5×5-kernel [18]. This combination
strikes a good balance between removing salt-and-pepper noise and
preserving edges.

As a final refinement step, we apply a pretrained image classifi-
cation network to the greyscale channel to generate a binary road
surface mask. This aligns with our problem assumptions outlined in
Section 3.1 and ensures that detected anomalies are constrained to
the road surface, further reducing false positives. The resulting re-
fined AoIs provide localisation of potentially hazardous substances
on the road surface.

4 Experiments

The following section outlines the experimental setup used to evalu-
ate the proposed system.

4.1 Dataset

Our training dataset comprises 9,552 images (VIS and NIR) captured
exclusively of normal road surfaces in rural areas. For the test set, we
deliberately applied various substances to road surfaces and subse-
quently captured these modified areas. We manually annotated these
images at the pixel level, labelling all present substances using the
Labelme annotation tool [23]. The annotations were done by the au-
thors and some of their students and visually checked for consistency
across labellers by the authors. This process yielded 18 fully anno-
tated images (9 VIS and 9 NIR), enabling quantitative evaluation of
reconstruction quality across different substances. In total, the anno-
tated images contained 31,417 pixels corresponding to the applied
substances and 2,575,703 normal pixels.

4.2 Training

SpectrAE was trained for 100 epochs with a batch size of 256 on
an NVIDIA QUADRO GV100 GPU with 32 GB of memory. Both
the encoder and decoder comprise three layers each. Unless specified
otherwise, all nine image channels were used as input. Since we do
not fuse the VIS and NIR images, we have to train a separate model
per image type. We set the latent dimension to either 1024 or 2048.
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The model was optimised using the Mean Squared Error (MSE)
loss function. A validation split of 0.1was employed to evaluate gen-
eralisation performance throughout training.

For optimisation, we adopted the Adam optimiser [11] with a
learning rate of 1 × 10−4, β = (0.9, 0.999), and a weight decay
of 1 × 10−5. To further enhance the training dynamics, we applied
the ReduceLROnPlateau learning rate scheduling strategy, enabling
adaptive adjustment of the learning rate and mitigating the risk of
stagnation during model convergence.

The training resulted in four different models VIS1024, VIS2048,
NIR1024 and NIR2048.

4.3 Reconstructed images

Figure 6 presents channel-wise loss images for a reconstructed test
image. The three rows display, respectively, the input image, the re-
constructed image, and the per-channel loss images, accompanied
by a scaling reference. It is evident that different substances exhibit
varying loss values across the channels, as anticipated, since each
channel captures distinct spectral information.

This observation motivated our approach of computing the union
across all channels after individually thresholding each one (see
Sec. 3.4.3). This method compensates for the differing detection sen-
sitivities present in each channel. In Figure 7, we display the result
of this union for an example test image. Notably, certain AoIs visi-
ble in the union image are absent in the thresholded output of chan-
nel 1 alone, which would otherwise hinder detection performance.
Although the union operation increases the level of noise, this draw-
back can subsequently be addressed by an appropriate denoising pro-
cedure.

4.4 Detection Performance

We evaluated SpectrAE’s detection performance using the labelled
test images, reporting precision, recall, F1, F2, and Intersection over
Union (IoU) for various SpectrAE configurations in Table 2. These
metrics were computed on a pixel basis.

Table 2. Performance measures for different model architectures.

Precision Recall F1 F2 IoU

VIS1024 0.083 0.621 0.147 0.270 0.079
VIS1024RGB 0.185 0.574 0.280 0.404 0.163
VIS2048 0.103 0.608 0.176 0.307 0.097
VIS2048RGB 0.210 0.566 0.306 0.422 0.181
NIR1024 0.195 0.551 0.288 0.404 0.168
NIR2048 0.213 0.559 0.309 0.422 0.183

For our application, recall is prioritised over precision, as it re-
flects the proportion of correctly detected anomalies—crucial since
only identified AoIs can be further analysed. Sufficient detection en-
sures anomalies can be managed by the system. Nonetheless, preci-
sion also matters, since excessive false positives would make classi-
fication infeasible. Thus, we report F2 (which weights recall higher
than precision) and place greater emphasis on it than on F1.

To assess the necessity of multispectral information, we compared
our results with an RGB approximation—using channels [0, 2, 6] of
the VIS camera to best match conventional red, green, and blue wave-
lengths. The VIS model, trained on all 9 input channels, was used for
a fair comparison. Interestingly, the RGB versions of the VIS models
outperform those using all 8 spectral channels, with notably higher
F2 scores (0.404 and 0.422 vs. 0.270 and 0.307). This is unexpected,

given that the full model has access to the RGB channels plus addi-
tional spectral information. Closer inspection indicates that including
all channels increases false positives, which is not mitigated by de-
noising, hence the lower performance.

VIS1024 achieves the highest recall but at the expense of precision.
Both VIS2048RGB and NIR2048 perform comparably well. Whilst
their results are encouraging, there is room for improvement. These
models detect many AoIs (high recall), yet often fail to precisely
localise them, as reflected by small IoU values.

To further assess model performance, we calculated substance-
specific recall values, as shown in Table 3. Only recall is re-
ported, since our pipeline produces binary masks and does not cap-
ture substance-specific false positives; a dedicated classification step
would be needed for that. It is therefore essential to interpret these
recall values alongside the overall precision results from Table 2, as
high recall without adequate precision is of limited practical value.
Table 3 reveals that most substances are best detected by the model
with the lowest precision, namely VIS1024.
Ethanol (Et) consistently shows the lowest recall. This likely re-

sults from its rapid evaporation and spectral similarity to damp road
surfaces, making it difficult for the network to distinguish. NIR-based
models detect ethanol slightly better, possibly due to increased sen-
sitivity to subtle spectral differences.

By contrast, washing powder (Wa) and sand (Sa) are detected most
reliably in all models due to their strong contrast against the dark
road. The two soil amounts (So) show varying recall, with the smaller
amount detected better. Recall is higher for VIS models than NIR
models, perhaps because NIR models encounter more soil along the
roadside in the images and thus become less discriminative.

For the soil and fertiliser mixture (SoFe 1p1), VIS models signif-
icantly outperform NIR models. For the 20/80 mixture (SoFe 1p4),
only VIS models using all 8 channels detect the substance effectively,
and again, the smaller quantity is easier to detect. Detection declines
with increased fertiliser content, probably due to the fertiliser’s blue
tint reducing contrast.

4.5 Component Analysis

To systematically evaluate our modelling choices, we conducted a
comprehensive component analysis of our pipeline (Table 4) using
our best-performing model, NIR2048, trained on all 9 input channels
to ensure a fair comparison.

Instead of taking the union of the channel-specific anomaly maps
(Sec. 3.4.3) to decide if a pixel is an anomaly, we also examined
alternative schemes, namely intersection and errors out of range in
the majority of the channels (majority vote), the impact of remov-
ing denoising, and the performance of individual channels. Using
the intersection of anomaly maps of the channels yields highest pre-
cision (0.536), but at the cost of recall (0.204), as fewer pixels are
detected as anomalies. The majority vote underperforms compared
to the union on F2.
Removing denoising maximises recall (0.62), but sharply reduces

precision (0.077) due to increased noise, indicating that denois-
ing—while imperfect—is necessary, though further improvements
are needed, as some true positives are lost, likely near AoI edges.

Comparisons of individual channels show that all but channel 1
perform worse than the full model. Notably, channel 1 slightly out-
performs the full model in F2 (0.427 vs. 0.422), with higher pre-
cision but lower recall, meaning it produces fewer false positives
but misses more substances. This reflects that the union of anomaly
maps across channels adds false positives in the full model. Shorter
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Figure 6. Comparison of the reconstruction quality for all 8 spectral channels of an NIR image: One can see that different channels detect different
substances, e.g. channel 1 detects substances that are not visible in the loss image of channel 7.

Table 3. Recall values by class. The abbreviations are explained in Table 1.

Precision
SoFe

1p1 100
SoFe
1p1 50

SoFe
1p4 100

SoFe
1p4 50

So
100

So
50

Sa
20

Sa
50

Wa
25

Wa
50 Et

VIS1024 0.083 0.928 0.959 0.499 0.646 0.703 0.919 0.830 0.863 0.982 0.997 0.117
VIS1024RGB 0.185 0.898 0.919 0.184 0.393 0.692 0.882 0.788 0.783 0.955 0.981 0.105
VIS2048 0.103 0.911 0.932 0.466 0.526 0.699 0.898 0.828 0.848 0.974 0.993 0.116
VIS2048RGB 0.210 0.884 0.886 0.188 0.354 0.691 0.865 0.783 0.759 0.954 0.983 0.101
NIR1024 0.195 0.489 0.489 0.466 0.385 0.517 0.751 0.860 0.717 0.941 0.962 0.144
NIR2048 0.213 0.468 0.523 0.446 0.424 0.581 0.712 0.875 0.633 0.941 0.955 0.162

Thresholded Image Channel 1 Union across all channels

Figure 7. The importance of taking the union across all channels: Several
AoIs that are not visible in the thresholded image of channel 1 become

apparent when the union across all channels is considered.

Table 4. Component analysis results based on our best-performing model.

Precision Recall F1 F2 IoU

Intersection 0.536 0.204 0.296 0.233 0.173
Majority vote 0.361 0.343 0.352 0.347 0.213
w/o denoising 0.077 0.620 0.138 0.261 0.074
Channel 0 0.340 0.429 0.380 0.409 0.234
Channel 1 0.361 0.448 0.400 0.427 0.250

Channel 2 0.408 0.375 0.391 0.381 0.243
Channel 3 0.390 0.330 0.358 0.340 0.218
Channel 4 0.374 0.277 0.318 0.292 0.189
Channel 5 0.372 0.278 0.318 0.293 0.189
Channel 6 0.363 0.286 0.320 0.298 0.191
Channel 7 0.354 0.294 0.322 0.303 0.192
Greyscale 0.364 0.377 0.370 0.374 0.227

NIR2048 0.213 0.559 0.309 0.422 0.183

wavelengths (early channels) generally outperform longer ones (e.g.
channel 1 vs. channel 6), possibly due to incomplete calibration (see
Sec. 3.4.1) or lower information content in the later wavelengths. Fi-
nally, the full model surpasses the greyscale channel, underlining the
value of using multiple spectra for improved detection.

4.6 Latent dimension

We investigated whether the autoencoder’s latent representation
(Fig. 5) could distinguish between images with and without haz-
ardous substances. Such separation would enable rapid pre-detection
of normal images before decoder processing, thereby improving
computational efficiency and reducing false positive AoIs in normal
road scenarios.

Figure 8. 2D UMAP embedding of the dataset splits: The normal roads
remain indistinguishable from roads with applied substances.
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To visualise the high-dimensional latent space, we computed a 2D
UMAP [17] embedding from the 2048-dimensional latent vectors
across all dataset partitions (Fig. 8), using the NIR2048 model. The
UMAP parameters were configured with 15 neighbours, Euclidean
distance metric, and a minimum distance of 0.5 to balance local and
global structure preservation.

Our analysis reveals that despite hazardous substances appearing
exclusively in the test set, the test images remain indistinguishable
from normal road images in the latent space. This lack of separation
likely stems from several factors, such as the limited pixel coverage
of hazardous substances relative to the entire image creating min-
imal signal in the high-dimensional latent space. Additionally, en-
vironmental variations—particularly roadside vegetation—introduce
substantial image variability that overshadows the subtle differences
from hazardous substances.

5 Discussion

In the following section key aspects of the proposed system are crit-
ically discussed.

5.1 Camera and Image-Related Challenges

The image acquisition process presents several challenges that may
have influenced detection performance. Notably, white reference and
crosstalk correction were not incorporated in our current setup, de-
spite being reported by the manufacturer as essential for obtaining
correct pixel values. This limitation became more pronounced at
longer wavelengths, where we observed increased issues during our
tests. Consequently, this may have negatively impacted detection ac-
curacy. It is crucial to address this issue for future classification tasks.
Furthermore, the cameras’ auto-exposure algorithm computes the ex-
posure based on the central lower part of the image. As a result, the
upper region of the images often exhibits noticeable artefacts. To mit-
igate this, one could crop out the affected upper area and design the
analysis pipeline to focus on the region that aligns with the auto-
exposure setting. Doing so would help maintain the validity of the
extracted pixel values. Finally, the overall number of labelled images
in the dataset is relatively small. Increasing the volume of annotated
data would provide a clearer understanding of the system’s perfor-
mance and improve model robustness for practical deployments.

5.2 Reconstructed Image Quality

The current reconstruction quality achieved by our models is already
promising, although the architectures used are relatively simple au-
toencoders. There is considerable potential to enhance performance
by adopting more sophisticated encoders. Future work should ex-
plore the integration of pretrained encoders, such as ResNet [8] and
vision transformers [22, 14, 4, 28], to better capture complex image
features critical to substance detection and classification.

Another avenue for improvement concerns the prediction strategy.
Instead of processing entire images at once, dividing input images
into smaller patches could prove advantageous. This approach would
lead to a proportionally bigger area of the input being AoIs, poten-
tially leading to clearer separation in the latent space and improved
reconstruction of critical regions.

Currently, reconstruction loss is measured using the MSE metric.
Investigating alternative loss functions, such as the Structural Simi-
larity Index Measure (SSIM) [26], could yield further improvements.

SSIM, in particular, is known for its ability to capture perceptual dif-
ferences in image quality more effectively than MSE, which may
lead to reconstructions that are visually closer to the original images.

Exploring these refinements has the potential to both improve re-
construction fidelity and enhance the applicability of our models to
real-world scenarios.

5.3 Detection Performance Analysis

A key question arising from our results is whether using all avail-
able spectral channels in combination truly yields optimal detection
performance. There is evidence from our ablation study that certain
individual channels outperform the combined model, suggesting that
some channels may contribute disproportionately more relevant in-
formation, whilst others may introduce additional noise. Selecting
a subset of the most informative channels could therefore enhance
detection robustness. This warrants further investigation and careful
channel selection in future work. A deeper analysis of substance clas-
sification performance is also required. Rather than focusing solely
on recall values per class (Tab. 3) it would be valuable to conduct a
more general evaluation. Some specific substances, such as ethanol,
were not detected reliably; this is likely due to its rapid diffusion into
the surrounding environment. It would be beneficial to explore detec-
tion with additional substances such as diesel or tonic water (contain-
ing quinine), to assess whether similar challenges are encountered,
and to better understand the generalisability of the method. It is also
important to consider whether the chosen substances are suitably rep-
resentative for comparative purposes. Until now, the solid substances
tested have been relatively easy to discern visually. Future experi-
ments could include substances that are challenging to discriminate
from the road surface by eye, in order to demonstrate the practical
advantage of automated spectral detection in contrast to a human
observer. Finally, our detection results have not yet been compared
to established methods, such as the RX algorithm [19] or other ap-
proaches [10]. Benchmarking against these alternatives would pro-
vide important context for assessing the strengths and limitations of
our methodology.

6 Conclusion

This work represents an initial step towards substance detection using
spectral imaging and identifies several avenues for further improve-
ment. One promising direction is the integration of outputs frommul-
tiple cameras and the fusion of their data to enrich the dataset. The
hardware warrants enhancement through the utilisation of advanced
cameras and improved post-processing techniques to ensure data re-
liability. The test dataset should be expanded both by increasing the
number of test images and by including images without substances
to evaluate whether the model correctly identifies normal roads. It is
necessary to assess classification performance to determine whether
current camera systems can reliably distinguish between relevant
substances within AoIs. An open question remains whether spec-
tral features alone suffice for accurate substance classification, or
whether techniques such as LIF will be required to achieve robust
results.

A current limitation of this work is its focus on controlled road sce-
narios, which constrains the generalisability of the results. Expand-
ing the scope to encompass more diverse and realistic conditions will
be crucial for translation into practical, real-life deployments with
meaningful societal impact.
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