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ARTICLE INFO ABSTRACT

MSC: Climate change and the occurrence of intense and unexpected weather events highlighted the need for real-time
0000 weather warning systems, especially in smart roads and isolated scenarios like rural areas. In this work, we
11 propose to jointly recognize the weather and the ground surface conditions using existing video surveillance
Keywords: systems. Previous works separately tackled these two tasks even if they are correlated to each other. We
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Ground surface classification
Multi-task learning

Deep neural network
Artificial vision

propose a convolutional neural network with shared weights in the lower layers and two separate classification
branches on top to exploit the correlation between the tasks and, at the same time, learn diverse high-level
features for each task. Moreover, the network architecture implements attention mechanisms allowing the
classification branches to focus on diverse image regions. The method is versatile and allows us to train the
network on partially labeled data. The experimental analysis on real data demonstrate the effectiveness of
the proposed method on both tasks, confirmed by the accuracy comparison with existing methods for the
recognition of weather and ground surface conditions. The multi-task solution improves the inference speed
(50 frames per second) and reduces the required memory (less than 1 GB) with respect to a system with two
different single-task approaches; these results confirm that the proposed solution is ready for video surveillance
applications to support smart cities.

1. Introduction

Nowadays, with the intensification of climatic conditions around the
globe, critical circumstances that may pose a threat to people’s health
are increasingly common. In particular, unpredictable intense precipi-
tations and strong winds are dangerous for both pedestrians and drivers
and may damage infrastructures and agriculture, especially in case of
flooding (Jun et al., 2024). The need for real-time weather recognition
systems, which have a greater impact when employed remotely in
isolated rural areas, fostered the research regarding automatic weather
recognition systems. Early works proposed automatic systems deployed
in static weather stations (Sandnes, 2012) or onboard the vehicles (Qian
et al., 2016; Almazan et al., 2016; Onesimu et al., 2021). While the
latter solution requires certified hardware to be installed onboard, the
former is less expensive due to the reuse of existing infrastructures
and provides information about a remote location with no human
presence. The advances in Computer Vision made it possible to de-
sign video-based weather recognition systems using the surveillance
infrastructure (Gragnaniello et al., 2024a). An early work that raised
the attention of the scientific community on the potential of automatic
weather classification for traffic control using surveillance cameras was
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presented in Lagorio et al. (2008). Nowadays, this potential is further
increased by the presence of low-cost smart cameras. These connected
devices, already employed for numerous video-based automatic event
detection tasks, can perform real-time detection of the current and local
weather conditions to be shared over the network. The widespread
of these cameras at low prices for video surveillance set up a vast
network infrastructure that is sometimes employed for adverse weather
detection, too.

The recent literature mainly distinguishes between two different
tasks depending on the goal of the application: recognizing the weather
or the ground surface conditions. The former, which regards recog-
nizing the atmospheric conditions (e.g., sunny, foggy, or rainy), is
interesting in many application scenarios, and barely any camera can
be employed. Meanwhile, the latter is devoted to detecting ground
surface conditions (e.g., dry or wet) and is suited for road monitoring
applications to detect potential hazards for oncoming drivers. This is
particularly true for off-road tracks, like in agricultural fields, where
mud or snow may make the track impassable. Considering the two
functionalities as a single weather warning system, there are at least
three areas in which these features can be profitably used: i) in modern
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smart roads, to provide real-time feedback on weather and road surface
conditions, with the possible aim of adjusting the lighting intensity of
streetlights accordingly or to alert the authorities in time; on board of
vehicles used for road monitoring, which could geographically localize
sections with dangerous weather or asphalt conditions for drivers;
in agriculture, to encourage interventions by farmers or autonomous
robots for the watering and irrigation of agricultural fields and for the
protection of plants from bad weather and frost. For each task, some
example images representing the classes considered in our experiments
are depicted in Figs. 3 and 4. Obviously, the ground surface is highly
influenced by the weather, and the two tasks are correlated with each
other. Of course, this correlation can be observed only in a suitable time
scale. As an example, the ground is dry when the rain starts, then it gets
wet after a period whose duration depends on the terrain characteristics
(e.g., the drainage capacity). As a consequence, a real-time system
cannot simply infer the ground surface condition from the recognized
weather one. Note that less likely conditions, like wet ground on a
sunny, are more dangerous, since the driver may experience unexpected
low grip.

In this work, we present a novel framework that allows address-
ing the two classification problems at the same time using a single
multi-task neural network. The main contributions of our work are
the following. Firstly, we designed a convolutional neural network
architecture with shared low-level weights and two separate high-
level classification heads. By sharing low network layers, our network
exploits the correlation between the two tasks by learning a common
low-level representation. At the same time, two different classification
branches allow us to learn high-level task-specific features. By doing so,
the training procedure produces a single efficient and effective model,
exploiting the two task correlations while adapting the classification
stages for each of them. Secondly, we can mask missing labels during
the training phase. If a training sample lacks the label for a specific task,
the corresponding classification branch is not trained while the rest of
the network is. This allows us to fully leverage partially labeled datasets
or single-task ones, thus greatly enlarging the training set. Thirdly, we
carry out both tasks employing one neural network suitable for edge
computing, i.e., that is memory and time-efficient and fits on smart
surveillance cameras. It should be noted that the proposed approach
is highly scalable. Indeed, as Computer Vision techniques improve, it
is reasonable to include more classes in the recognition system. For the
proposed framework, an increase in the number of classes for one task
does not affect the complexity of the other classification branch. At
the same time, we can consider the increase in the complexity linear
with the number of classes. The main drawback of our framework is
the increase in complexity of the training phase. Firstly, if we want
to change or add classification tasks, the whole network must be re-
trained unless incremental learning is adopted (Kanakis et al., 2020).
Moreover, since two losses must be jointly optimized by the proposed
architecture, the convergence is harder to reach. The difficulty depends
not only on the type of loss functions but also on the training set,
which should contain fewer possible mislabels or ambiguous samples.
To alleviate the convergence issues, we rely on advanced training
procedures that will be described in the paper.

2. Related works

Since the advent of powerful image classification methods, several
approaches have been proposed for weather condition recognition. Like
for many other computer vision applications, the techniques shifted
from handcrafted features, used to train classical machine learning
classifiers, to more recent deep learning based approaches. The vast
majority of techniques address only one among weather classification
and ground surface classification. We carried out the analysis of these
approaches in the first paragraph of this section, specifically focusing
on the problem definition, the adopted dataset, and the classification
technique. More recently, two works addressed both tasks at the same
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Table 1

Summary of the related works, ordered by year. We first specify if weather (W), ground
surface (GS), or both jointly (W+GS) are recognized for each method. Thus, for each
of the tasks addressed, we report the dataset used, the number of considered classes
(#Classes) and achieved accuracy.

Method Task Dataset #Classes Acc.(%)
Elhoseiny et al. (2015) w Private 2 91.1
Zhang et al. (2016) w MWI 4 71.4
Lu et al. (2017) w TCWD 2 91.4
Kang et al. (2018) w MWI 4 92.0
Nolte et al. (2018) GS Private 6 84.7
Zhao et al. (2019) ggvngD g z;j
Al-Haija et al. (2020) MCWRD 4 98.2
Carrillo et al. (2020) GS RWIS 3 91.0
Grabowski (2020) GS RoadCCTV 3 96.0
Khan and Ahmed (2022) ‘CI;VS ;r_:::t: 2 Z;?
Xie et al. (2022) w FCWD 5 85.6
Abdelraouf et al. (2022) W+GS Private 4 2;3
Mittal and Sangwan (2023) w MCWRD 4 97.8
Chen et al. (2023) w Private 5 88.9
Zhao et al. (2023) GS RCSD 27 97.5
Samo et al. (2023) W+GS RWD 7 313
Gragnaniello et al. (2024b) ‘(/}VS IFJS\//\;[t)e 2 2;:

time. Since these are the most related works, we thoroughly analyze
the differences between our approach and those already published
in the second paragraph. An overview of the discussed methods is
summarized in Table 1, which reports for each of them the addressed
tasks, the adopted datasets, the number of classes, and the achieved
accuracy.

2.1. Single task approaches

Several methods have been proposed to either classify the weather
or the ground surface from CCTV cameras. These two classification
tasks exhibit different challenges, which moreover may significantly
vary depending on the considered scenario or weather conditions. Due
to this, in the following, we separately discuss the techniques proposed
for weather classification and ground surface recognition.

2.1.1. Weather

Weather classification is, among the two, the task that first gained
more attention from a large part of the scientific literature. Early works
focused on a binary problem, e.g., sunny versus rainy classification,
mainly using handcrafted features It was in the last decade that
several data-driven approaches were proposed. Their superior discrim-
inative power allows them to outperform classical approaches on both
binary and multi-class problems. As an example, in Elhoseiny et al.
(2015), the authors address the two class problem (i.e., sunny versus
cloudy) using the AlexNet architecture. By analyzing the impact of
each layer in this rather shallow architecture, they show that low-
level features capturing spatial information are important for weather
classification. The same problem is addressed by Lu et al. (2017), who
collected a two-class dataset TCWD, made available to the community.
In their paper, the authors propose to concatenate features extracted
by AlexNet, after finetuning for the binary classification problem, with
handcrafted binary features representing the presence or absence of
weather clues like shadows or haze. An SVM model trained with these
features reached an accuracy of 91.4%. Later, in Zhao et al. (2019), the
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same classification problem is addressed by automatically extracting
weather clues through a CNN. A multi-task architecture is employed
to simultaneously classify the weather category (sunny versus cloudy
problem) while performing weather-cues semantic segmentation, like
for example the blue/dark sky or clouds. To this aim, the authors ex-
tended the dataset previously presented in Lu et al. (2017) by manually
depicting a bounding box around each weather clue. The auxiliary
segmentation task helps the network to better distinguish between the
two weather classes, improving the classification performance up to
94.9%.

In the same work, the authors presented a novel five class weather
dataset (FCWD) comprising samples of Sunny, Cloudy, Rainy, Snowy,
and Fog. Multi-class weather category recognition problems are chal-
lenging due to the imbalance among class samples. Moreover, different
weather clues can be contemporary present in the same sample, mis-
leading the classifier. In Zhao et al. (2019), the authors reported an
accuracy of 83.4% on the five-class dataset, with the Cloudy and Fog
classes being the most challenging ones. A similar approach has been
presented in Xie et al. (2022). The authors improved the segmenta-
tion branch, proposing a multi-resolution architecture, and adopting
a mechanism to dynamically adapt the weights of the classification
and segmentation losses. The accuracy achieved on the same two-class
and five-class datasets presented in Zhao et al. (2019) are 96.3% and
85.6%, respectively. The five-class problem is addressed in the recent
work (Gragnaniello et al., 2024b), where the authors show that the
efficient MobileNet-V2 architecture can be trained to separately address
either weather and ground surface, but optimizing hyperparameters
like the input resolution. The technique can run in real-time on embed-
ded devices, but requires cropping the region of interest for each task.
Among the first works addressing a multi-class weather classification
problem from a single image, in Zhang et al. (2016) the authors
collected a large dataset, namely Multi-class Weather Image (MWI),
comprising 20k images belonging to the 4 classes Sunny, Rainy, Snowy,
and Haze. The method was based on both local features, designed
to extract specific weather clues from sky or shadow and computed
using the Histograms of Oriented Gradients (Dalal and Triggs, 2005),
and global features like contrast and saturation to exploit the overall
illumination condition. Using a classification model based on dictionary
learning, the author surpassed other approaches like SVM, reaching an
overall accuracy of 71.4% on the MWI test set. The very same problem
is tackled in the work of Kang et al. (2018). The authors proposed
to fine-tune a CNN borrowed from object recognition applications
and pre-trained using the ImageNet dataset (Deng et al., 2009). The
network was trained to recognize one of the three adverse weather
conditions (i.e., Rainy, Snowy, and Haze). In the absence of detec-
tions, the Sunny class was predicted. The experiments carried out with
the AlexNet and GoogleNet architectures, demonstrated their superior
performance, with the latter reaching an accuracy of 92.0%. Similar
approaches have been pursued by Al-Haija et al. (2020), Khan and
Ahmed (2022) using the more lightweight ResNet18 architecture. All
these experiments are conducted on proprietary datasets to recognize
a different set of weather categories, like Sunrise and Shine, which
prevents a direct performance comparison. Similar classes are consid-
ered in Gbeminiyi (2018), which includes 1125 images divided into
four categories, i.e., cloudy, rainy, shiny, and sunrise (MCWRD). Mittal
and Sangwan (2023) adopted this dataset to conduct an experimen-
tal assessment of Computer Vision CNNs fine-tuned for the weather.
Among them, InceptionV3 trained with Logistic Regression ranked first,
however the significance of this result is limited by the small number
of dataset samples. The focus of this work is on the scalability of
the training procedure, which is implemented using the Spark plat-
form to be efficient when using huge datasets. In Chen et al. (2023)
the authors propose MASK-Convolutional Neural Network-Transformer
(MASK-CT), a method for multi-class weather recognition that com-
bines CNNs and Vision Transformers to extract effective features for
weather classification. They enhance the generalization capability of
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their approach by adopting an augmentation strategy that randomly
masks part of the image or of the labels during training. MASK-CT has
been tested on three sets of images acquired in real-time, achieving an
average accuracy (overall recall) equal to 88.9% in the recognition of
five weather categories.

Generic weather category recognition is very useful for low-cost
constant monitoring of weather using video surveillance cameras. As
a drawback, the performance of the classifiers varies a lot on the
scene acquired (e.g., the rain appears very different when framed in
a near scene or a landscape). From the point of view of the application
scenario here considered, these methods provide useful information
about driving visibility, however, ground surface conditions must be
inferred by the driver. Indeed, the same weather can yield different
ground surface statuses. As an example, rainy weather can be associated
with either a mostly dry or flooded ground depending on the rain
intensity and duration, and the soil material. Thus, two systems are
needed to provide the weather and the ground surface conditions.
Since these tasks correlate with each other, two separate systems would
be inefficient. A multi-task approach would exploit this correlation
to reliably and efficiently provide the weather and ground surface
conditions at the same time.

2.1.2. Ground surface

Ground surface condition recognition from video surveillance cam-
eras is a task that gained more attention only in recent years. Early
works have tested the use of CNNs to address this task. Nolte et al.
(2018) revised the available datasets containing road images, most of
which acquired using onboard cameras, and selected a subset of the
classes to perform the network training and validation. Among the con-
sidered architectures, ResNet50 performed best. The performance was
further increased by adding training samples, crawled from the web,
belonging to the minority classes. More recently, a significant effort was
made to collect, label, and make available datasets specifically for the
road condition detection task from fixed cameras. The work by Carrillo
et al. (2020) presents an analysis focused on snow level recognition
on the road surface. The dataset includes images and weather data
(e.g., humidity, pressure, and so on) acquired by several stations in
Canada and labeled considering road status only. The authors con-
ducted two parallel experimental analyses. On one hand, they trained
seven different CNN architectures to classify the snow level from ac-
quired images. On the other hand, the authors tacked the same task by
training three machine learning classifiers, namely SVM, RF, and NB,
using the auxiliary weather data. The reported performance exhibits the
potential of both methods and the overfitting threat when using deep
neural networks with many trainable parameters. A similar work has
been presented by Grabowski (2020). In this case, the authors collected
a dataset composed of images acquired by weather stations in Poland
and labeled with both the precipitation type/level and ground surface
category. Six precipitation classes are considered, namely no precipi-
tation (the vast majority class), dew, continuous, intense, shower, and
snow. Instead, the seven road conditions collected using the stations’
weather sensors are dry (the majority class), moist, saline, wet, snow,
rime ice, and ice. The experimental, however, was limited to the dry,
wet, and snow classes due to the insufficient number of samples of the
remaining ones and to allow for performance comparisons with those
reported in previous works. All the selected CNN architectures reached
96% accuracy, with DenseNet (Huang et al., 2017) surpassing the oth-
ers by little. Residual networks architecture was employed by Khan and
Ahmed (2022), too. In this work, the same approach has been adopted
to recognize the weather category and the ground surface condition,
separately. In both cases, fine-tuning the ResNet18 architecture pre-
trained on the ImageNet dataset (Deng et al., 2009) performed better
than the other techniques selected for performance comparison on the
proprietary dataset. In Gragnaniello et al. (2024b) the same problem is
addressed utilizing a more recent architecture, namely MobileNet-V2,
implementing separable convolutions and capable of being executed on
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devices with limited resources. The same architecture is used for either
the ground surface and weather, by separately optimizing the training
hyperparameters. A very recent work (Zhao et al., 2023) collected
the Road Surface Classification Dataset (RSCD), composed of image
patches of road surface video frames. Each patch is labeled according
to three different ground characteristics, namely the road material
(e.g., asphalt, concrete, mud, etc.), the unevenness level (smooth, slight
or severe), and the friction level that represents the road weather
category. The considered categories are Dry, Wet, Water, Fresh Snow,
and Melted Snow. The proposed method, based on the EfficientNet (Tan
and Le, 2019) architecture, tackles the multi-task classification as a
single-task classification in the set of classes obtained by all the class
triplets combinations. While simplifying the CNN classification stage
and the training procedure, the main drawbacks of this approach are
the extraction of a single feature representation for all the tasks and
the scalability with respect to the number of classes. Section 2.2 will
better discuss these aspects in relation to similar approaches proposed
to address the multi-task weather and ground surface classification.

Data-driven approaches for ground surface condition recognition
are powerful but difficult to control. Indeed, when the dataset is not
carefully labeled according to the real ground conditions solely, the
network can be biased by weather clues that may not correspond to
the ground condition. For example, the network could predict the dry
ground surface class in the presence of sun or, vice-versa, predict the
wet ground surface class when it is cloudy. To prevent this, samples for
which the weather and the ground surface conditions differ, e.g. wet
ground on a sunny day, are very useful. Unfortunately, they are the
minority of the dataset. Multi-task approaches can alleviate this risk
by explicitly addressing both weather and ground surface condition
recognition at the same time.

2.2. Multi-task approaches

To the best of our knowledge, this is the first attempt to address this
joint classification problem using a multi-task network. Very recently,
two works (Abdelraouf et al.,, 2022; Samo et al., 2023) proposed
methods to simultaneously recognize the ground surface and weather
conditions by means of a Visual image Transformer (ViT) (Dosovitskiy
et al, 2020). In Samo et al. (2023), onboard camera images are
classified either in a ground surface or a weather category from Clear,
Sunny, Cloudy, Wet, Snowy, Rainy, and Foggy. The dataset, namely
Road Weather Dataset (RWD), has been collected and shared by the
authors. Each image in the dataset, extracted by online video, was
manually labeled by visual inspection, i.e. without the help of ad-
ditional information acquired by specific sensors. To get rid of the
dataset unbalance among the seven classes, the focal loss is employed
during the training phase: this loss function allows to dynamically
scale the weights of the correctly classified samples belonging to the
most represented categories and, thus, to focus the learning on the
misclassified samples of the less represented classes. Reformulating
the multi-task problem as a single task significantly simplifies the
model complexity in terms of both architecture, which needs a single
classification stage, and training procedure that optimizes a single loss
function. However, this approach has the disadvantage that weather
and ground surface conditions cannot be both recognized when they
are present in the image at the same time. Training the network to
select one of them can mislead the procedure and lead to bias. This
problem is solved in Abdelraouf et al. (2022), where the authors train
the neural network to recognize any combination of classes of the
two tasks. Thus, the approach tackles the two tasks as a single one
whose classes are all pairs of classes of the two single tasks. Eventually,
the network outputs are combined to obtain predicted probabilities
for each task. As for the previous method, the training procedure is
simple and robust. On the other hand, this approach still has some
drawbacks. First, just like the previously discussed method, it does
not decouple the learning process for each task, thus preventing the
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specialization of high-level features for weather and ground surface
classification, separately. This is even more important considering that
clues to tackle these two classification tasks are spatially separated
in the image. However, it is worth noting that the authors of both
works (Abdelraouf et al., 2022; Samo et al., 2023) alleviated this by
leveraging on the spatial self-attention mechanism implemented by
ViT. Another important consequence of these approaches is that each
sample must be labeled for both tasks, which limits data suitable for the
training phase. Due to the scarcity of available labeled data, it could be
useful to have a technique able to handle missing labels. Second, the
proposed combined single-task strategy has limited scalability with the
increase in the number of classes. When a finer classification is needed
for one task, the problem to address becomes much more complex since
the amount of class combinations increases. To alleviate this, approxi-
mations can be tacked. As an example, in Abdelraouf et al. (2022) the
authors impose that Rainy weather always implies Wet roads, which
reduces the problem’s classes. Even if this is reasonable, it neglects
minority cases and may bias the training when used extensively on
several class couples.

3. Proposed method

In this section, we present details about the proposed approach,
whose architecture is depicted in Fig. 1. The first and second para-
graphs introduce the proposed neural network architecture, presenting
the adopted backbone and the introduced modifications to address
the multi-task problem. Thus, the third one describes how the neural
network is trained. The last paragraph presents the collected dataset,
composed of online available data, partially labeled for the purpose of
this work.

3.1. Backbone for feature extraction

The backbone of the proposed multi-task architecture is inspired
to ConvNeXt (Liu et al., 2022). This CNN has been developed starting
from the ResNet architecture to implement the most effective features
of Transformer architectures (Liu et al., 2021). The result is a network
exploiting all the CNN peculiarities in terms of priors and efficiency
while surpassing most of the recently proposed Transformer architec-
tures on classification tasks. In doing this, the authors replace the costly
self-attention mechanism, peculiar to Transformer architectures, with
very efficient tricks such as larger convolutional kernels followed by
point-wise convolutional stages. At the same time, the authors state
that a cross-attention module would be desirable when dealing with
multi-modal input. Inspired by the impressive results achieved by this
neural network, we adapted the ConvNeXt architecture to address the
considered multi-task problem as described in the next paragraph.

To let the network focus on specific image areas, which can be
different for the two tasks, we integrated an attention module in the
original ConvNeXt architecture, namely the Convolutional Block Atten-
tion Module (CBAM) presented by Woo et al. (2018). This technique
has been selected among the variety of techniques proposed in the
literature since it implements two attention mechanisms, i.e., spatial-
wise and channel-wise, which fit our needs. Two CBAM modules are
trained, together with the whole network, to provide a set of spatial
and channel weights given the low-level feature map extracted by the
common network branch. These sets of weights, different for each
classification head, are used to focus the network attention on the
image region and feature channel peculiar to each task.

3.2. Multi-task network architecture

Multi-task neural networks can effectively exploit the tasks’ correla-
tion while efficiently predicting sample classes using a single network
architecture (Foggia et al., 2023). To this aim, we modified the Con-
vNeXt architecture to produce two outputs satisfying the two-task
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modules based on CBAM constitute the weather and ground surface classification branches. The neural network is trained with a masked asymmetric loss (M-ASL), that allows to
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Fig. 2. Details of the proposed neural network architecture based on ConvNext-base model and modified to include two classification heads, each equipped with an attention

module.

problem presented in this work. As can be observed in Fig. 1, the lower
part (i.e., the first layers) of the backbone remains unchanged to extract
a common low-level representation of the input image, meanwhile we
modified the top layers. The same feature map is provided as input
to two different network heads, each replicating the top backbone
layers. These are the network branches performing the weather and the
ground surface classification tasks. This helps to decouple the two tasks,
making our approach scalable when the number of classes increases
while exploiting the intrinsic correlation between them by building the
decision of both tasks on top of a common set of low-level features.
The feature map that feeds the two branches has been selected
to satisfy two needs. On one hand, it must be at a sufficiently high
level to represent meaningful semantic information, like the presence
of clouds or water on the ground. On the other hand, it should keep
the spatial information of the extracted features, which is lost at higher

levels of CNNs after global pooling operations. In particular, after the
bottom layers of the network which remain unchanged, allowing us
to exploit the pretrained weights of ConvNext, the feature map spatial
dimension is equal to 7 x 10 whereas the number of feature maps
is 1024. This feature map is fed to the two classification branches.
Each spatial attention module performs a different weighted average of
the adjacent pixels in the feature map, allowing the two classification
branches to focus on different image regions. Each weighted average
yields a 1024-dimensional feature vector, which is finally processed by
the corresponding classification head. This consists of 4 consecutive
fully connected layers interleaved by ReLU activations and dropout
layers. Fig. 2 highlights the details of the proposed architecture in
terms of input and output dimensions for an input image of resolution
320 x 240 pixels; we demonstrate in Section 4.2 that this resolution is
enough to achieve the best results.
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3.3. Learning procedure

An important consequence of the proposed network architecture
is its ability to exploit partially labeled data during training. Indeed,
samples associated with just one of the two labels are processed by the
classification head for which the annotation is available, producing one
output instead of two. Thanks to a masked loss function, during the
backward pass, only the network layers involved in the forward pass
and loss computation are traversed. This allowed us to greatly increase
the amount of training data, thus reducing the risk of overfitting.

To train the network, we adopt the Asymmetric Loss (ASL) frame-
work proposed by Ridnik et al. (2021) with the aim of balancing the
number of positive and negative labels in multi-label classification
problems. This loss function assigns different weights to positive and
negative samples for each class of interest; by appropriately configuring
these weights, we are able to balance the learning with respect to the a
priori distribution of the dataset and adapt the response of the neural
network to the expected distribution in the real application. Formally,

the ASL of one sample and a generic task is articulated as:
n

Lysp = Z [_YiL+ - (1 _.Vi) L—] b

i=1

.
with 4 L+ = =P logp)
L_=p log(1-p)

(€Y

where n is the number of task classes, while y; and p; respectively
represent the label and prediction probability of the ith class in the con-
sidered image. Similarly, y;" and y;, namely the positive and negative
focusing parameters, respectively, regulate the importance assigned to
either the ith class for positive or the negative samples. With respect to
the original ASL formulation, we do not perform any probability shift,
thus avoiding discarding any negative samples even when they are easy
to classify. This is motivated by the limited number of classes of our
problem with respect to the hundreds of classes of object detection
benchmarks, for which ASL was originally proposed: for both tasks, the
number of attributes is equal to 6. Since we address a two-task problem,
the resulting loss function is the sum of two ASL terms (1):

—_rW G
L= EASL + EASL (©))

W accounts for the weather classification

The first term, namely £/¢,

task, while the second one, i.e. Efs L is used to learn the ground surface
classification. To set the focusing parameters of both terms, we followed
the guidelines suggested in Ridnik et al. (2021) configuring the y}*
weights to 0 and varying the y; values according to the distribution
of the classes in the training set and reported in Table 2. Thus, for the
weather classification task, we choose y~ equal to 4 for snow, which is
the less represented class, 1 for cloud and 2 for the others. Similarly,
for the ground surface recognition task we set y~ equal to 4 for snow,
2 for wet, water, and moist, and 1 for the others.

To balance the training in terms of task and class representative-
ness, we employ two strategies. As regards the tasks, we resort to
GradNorm (Chen et al., 2018), a technique that dynamically balances
the magnitude of the gradients back propagated from each of the loss
functions of a multi-task network during training. This is achieved by
introducing one additional trainable parameter for each term in the loss
function (2), which results:

_ W W G G
L=w"L)g +w Ly, 3

where w" and w, namely the weights of the two tasks’ loss terms,
are optimized during training. In order to exploit all the samples in our
training dataset, we include in the minibatch even those labeled only
for one task. For those samples, the loss, and thus the backpropagation,
is computed only for the task for which the label is available, while the
other is masked. We refer to this as masked asymmetric loss (M-ASL).
As for the class balance, since real datasets are unbalanced, we wisely
compose the mini-batch to approximately achieve the same amount of
samples for each class of both tasks.
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For what concerns the optimizer, we use AdamW with a weight
decay equal to 0.01 and an initial learning rate set to 10~°. The learning
scheduler is based on cosine annealing, with a final learning rate set to
10-7. We implement an early stopping procedure with patience equal
to 5: if the average accuracy among the two tasks on the validation
set does not improve for 5 consecutive epochs, the training procedure
stops. By using this learning procedure, the training ended for all
the experiments in less than 20 epochs, ensuring a fast convergence.
No data augmentation has been done, since it did not improve the
performance, as demonstrated in Section 4.2.

3.4. Dataset

No standard classes have been defined in the literature for weather
classification and for recognizing ground surface conditions. Therefore,
it is primarily necessary to define the classes considered for the two
tasks of interest. As regards the weather, we chose the most used
categories in the literature, which cover more or less all possible
meteorological situations: cloud, fog, rain, snow, sun. In addition, to
handle situations of uncertainty or those images in which the sky is not
visible, we considered an additional undefined class (ND, not defined),
which allows the trained systems to reject uncertain samples for the
weather recognition task. Examples of images and their corresponding
weather categories are reported in Fig. 3.

As for the ground surface conditions, in addition to the standard dry,
moist, snow, and wet categories, we consider also a water class, which
includes all those images depicting flooded land or bodies of water.
Again, we considered a rejection class (ND) for those samples that are
uncertain or where the ground is not visible. Samples annotated with
their corresponding ground surface categories are depicted in Fig. 4.

Since there are no datasets annotated with both labels and with
the considered categories, for our experiments we decided to rely
both on publicly available datasets and on new images collected and
manually labeled for the two tasks of interest. In particular, we gath-
ered from YouTube more than 3000 video clips of around 200 live
webcams all over the world. These scenarios were selected among the
numerous available online due to their complex and heterogeneous
operating conditions. Both rural and urban scenarios were considered,
with variable camera position, illumination conditions and density
of passages by people and vehicles, in order to have samples with
different features and possible partial occlusions. The recordings were
made by selecting the moments depicting different weather and ground
surface conditions. Each video clip lasts approximately 10-15 s and
the sequences of images were acquired from each webcam at different
times of the day. In this way, we are able to increase the diversity, the
size and the representativeness of the dataset. One image per second
was extracted from the videos and all these samples were annotated
with the weather and the ground surface categories. Moreover, we have
selected 12,679 samples from the Five Class Weather Dataset (Gao,
2019), annotated with weather labels, and 26,935 from the Road CCTV
Dataset (Grabowski, 2020), annotated with ground surface labels, to
complete the training set of our method. The selection of these samples
was carried out by choosing those that frame both the ground and
the sky, as we are interested in this kind of images for the two tasks;
furthermore, we chose more samples from the less represented classes,
in order to balance, at least partially, the training set. These samples are
annotated with only one of the labels, but this is not a problem since
the learning procedure we propose is designed to handle this aspect.
The details about the 110,634 samples of the training set are reported
in Table 2.

Then, we composed the validation and the test sets by annotating
the missing labels of around 1500 samples (for both sets) selected from
the Five Class Weather Dataset and the Road CCTV Dataset, not used
in the training set. In the validation set, we have considered the ND
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Cloudy Foggy Rainy

Sunny

Fig. 3. Image samples for the considered weather categories.

Dry

Wet

Fig. 4. Image samples for the considered ground surface categories.

Table 2
Class distribution of the training samples for each task addressed in our experiments. The last two columns report the number of samples to
reject (ND) and those with missing labels (ML), respectively.

Weather Cloudy Foggy Rainy Snowy Sunny ND ML
35,997 5,430 5,554 2,152 18,842 15,724 26,935
Ground surface Wet Dry Water Snow Moist ND ML
17,735 22,347 15,751 2,066 12,687 27,369 12,679
class for both tasks, while we have excluded the reject category from 4. Results
the test set. The latter frames a different scenario in each image and
was built ensuring a fairly balanced distribution between the samples In this section, we present the experimental setting and discuss the
of the various classes for both tasks. Also this set contains samples that obtained results. In our analysis, we first motivate the use of a single
are quite variable in terms of framed environment, camera positioning, multi-task network by implementing the comparison with two single-
occlusions of people and vehicles, and lighting conditions. More details task baselines implementing the very same backbone neural network
about the composition of the test set are reported in Table 3. and trained with similar hyperparameters. On one hand, this allows
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Table 3
Class distribution of the test samples for each task addressed in our experiments. In
this set, there are no samples to reject (ND) or those with missing labels (ML).

Weather Cloudy Foggy Rainy Snowy Sunny
309 257 325 225 208
D Moi

Ground surface Wet ry Water Snow oist
221 205 154 185 174

Table 4

Results achieved by the proposed multi-task neural network (MT) in terms of accuracy
(%), FPS and required memory (MB), compared with the corresponding single-task
baselines (ST-W and ST-G). The experiments have been done on an NVIDIA Quadro
RTX 8000 GPU.

Method W(%) G(%) Avg.(%) FPS Memory (MB)
ST-W 87.27 -

ST-G B 48.03 67.65 36 1,234

MT 89.32 60.70 75.01 50 818

us to weigh the effectiveness of our approach, which exploits the
tasks’ correlation to improve performance. On the other hand, from
an application point of view, this experiment compares two systems,
i.e., the single- and multi-task, requiring quite different resources in
terms of time and memory space of the host device. After that, we
present our ablation study, whose results support from an experimental
point of view the choices made in the method design. In particular, we
present the gap between the performance achieved by our best solution
and several variants obtained by changing one hyperparameter at a
time. Finally, we compare the performance of our proposal with that of
existing methods for weather and/or ground surface recognition. This
allows us to better assess the performance of our method on the adopted
dataset.

4.1. Multi-task vs single-task

The baselines of our work are two ConvNeXt architectures trained
to address weather classification (W) and ground surface recognition
(G), separately. These networks are trained using only the subset of the
training set labeled for the corresponding task. All the hyperparameters
are the same as the proposed multi-task approach. The results achieved
by the proposed multi-task solution (MT), compared with the single
task baselines (ST-W and ST-G), are reported in Table 4.

The proposed solution outperforms the single-task counterparts over
all the performance metrics, demonstrating better effectiveness and
efficiency. Our multi-task neural network achieves 89.26% weather
classification accuracy and 60.70% ground surface recognition accu-
racy, which is better than that obtained by the single task baselines
that is 87.27% for weather classification and 48.03% for ground surface
recognition. While the results are quite similar in terms of weather
classification, we can note a significant improvement in the recognition
of ground surface conditions. In our opinion, the proposed approach
exploits the tasks’ correlation, improving the performance on both tasks
but, in particular, on the most challenging one, i.e., the ground surface
recognition capability. As for the needed resources, the proposed multi-
task neural network is faster than the two single-task counterparts when
these are executed sequentially (50 vs 36 FPS) and requires less memory
space when they are executed in parallel (818 vs 1234 MB). Therefore,
the experimental results confirm the validity of the proposed solution
in terms of accuracy and computational resources.

To better characterize the performance achieved by the proposed
multi-task neural network on the various classes, we computed the test
set normalized confusion matrices, reported in Fig. 5.

As for the weather classification (see Fig. 5, left), we can observe
that the correct classification rate is similar among classes, ranging
from 84.1% of the cloudy class to the 94.2% of the foggy one. Mis-
classifications mostly occur between cloudy, sunny, and rainy classes.
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Table 5

Results achieved by the proposed multi-task neural network (top), compared with

variants obtained by changing the attention mechanism (Att.), the loss function, the

learning rate (Ir), the input resolution (Res.), and by using data augmentation (Aug).
Att. Loss Ir Res. Aug. W(%) G(%) Avg.(%)

CBAM M-ASL le-5 320 x 240 None 89.32 60.70 75.01
HAM M-ASL le-5 320 x 240 None 88.05 59.32 73.68

CBAM ASL le-5 320 x 240 None 85.50 61.53 73.51
CBAM CE le-5 320 x 240 None 88.26 59.11 73.68
CBAM M-ASL le-4 320 x 240 None 86.49 51.56 69.02
CBAM M-ASL le-5 640 x 480 None 89.46 53.46 71.46
CBAM M-ASL le-5 320 x 240 Yes 85.22 54.03 69.62

The weather classification head rarely enables the reject option (i.e. ND
class prediction) and only for the samples of the most challenging
classes, that are cloudy and rainy. A different behavior is observed for
the ground surface recognition (Fig. 5, right). The confusion matrix
highlights that the low overall accuracy is not uniformly distributed
between classes, that can be grouped in three clusters. Firstly, moist is
a very challenging class, whose samples correctly classified only 27.6%
times. We manually reviewed them to confirm that they were barely
recognizable. The kind of errors confirms this, indeed moist samples
are erroneously classified as wet or dry, which are the more closely
related classes to the moist one. Secondly, dry, wet, and water classes
are challenging. The reported correct classification rate is above 50%.
The multi-task network probably achieves higher performance on the
wet class (72.4%) by exploiting the two tasks’ correlation. While dry
and wet classes are confused with each other and with the moist one,
the water class is often confused with the wet since the network is
unable to distinguish the water level from a static image. Lastly, the
third case is the snow class for which a 90.8% correct recognition rate is
achieved, which seems easy to recognize, possibly due to its color. The
ground surface recognition head rejects more samples than the weather
counterpart; this is a further confirmation that this task is substantially
more challenging.

4.2. Ablation study

To demonstrate the validity of the design choices done for our multi-
task solution, we performed various experiments. Firstly, we evaluated
the impact of the attention module and the loss function. As for the
attention mechanism, we compared CBAM with a similar approach
recently proposed, namely Hybrid Attention Module (HAM) (Li et al.,
2022). In terms of loss function, we experimented by replacing the
proposed masked asymmetric loss (M-ASL) with the vanilla version
(ASL), in which only the samples labeled for both tasks are used, and
the Cross-Entropy loss (CE). Also, we have trained the network at
varying of hyperparameters like the learning rate or with a standard
data augmentation pipeline to select one among horizontal flipping,
perspective distortion, rotation, and color jitter. Finally, we performed
a test doubling the input size from 320 x 240 to 640 x 480. In Table 5
we report the results of the most significant experiments obtained
by varying just one hyperparameter at once with respect to the best
solution, reported on top of the table.

We can observe that the choice of CBAM instead of HAM as atten-
tion mechanism allows to obtain an improvement for both the tasks
(89.26% vs 88.05% in weather classification and 60.70% vs 59.32%
in ground surface recognition). The same can be noted for the loss
function, since the adoption of the M-ASL allows us to improve the
performance in both tasks (89.26% vs 88.26% in weather classification
and 60.70% vs 59.11% in ground surface recognition) with respect to
the CE. On the average, a similar gap is observed when comparing
the results with the vanilla ASL, demonstrating the effectiveness of the
proposed framework. As regards the learning rate, we used a quite low
starting value to preserve the pre-trained weights. Indeed, using a learn-
ing rate only ten times higher dramatically reduces the performance
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Fig. 5. Confusion matrices of the proposed multi-task neural network on the considered classes for weather classification and ground surface recognition.

Table 6

Comparison of weather recognition results with existing methods. The results marked
with * are tested on different samples of the Five Class Weather Dataset, as reported
in Xie et al. (2022).

Method Cloud Foggy Rain Snow  Sun Avg.

Our 84.14 94.16 88.00 92.89 89.26 89.32
Gragnaniello et al. (2024b)  80.10 93.40 84.30 93.20 90.30 87.80
Xie et al. (2022)* 76.70 83.90 88.60 94.40 87.70 85.60
Zhao et al. (2019)* 73.40 8500 83.90 9210 8540 83.40
Elhoseiny et al. (2015)* 75.30 72.70 79.10 87.60 79.80 79.10
Lu et al. (2017)* 64.80 67.60 7690 70.20 88.50  76.20

on both tasks, yielding the worst result. Even doubling the input size
does not provide advantages in terms of overall accuracy; this result is
probably due to the fact that the dataset is not large enough to perform
an effective learning with a neural network with such many weights.
Therefore, the chosen resolution (320 x 240) makes the most of the
potential of the training set and allows reducing both processing time
and memory occupation. Similarly, a standard augmentation is unable
to produce useful samples. Perhaps ad-hoc geometric transformations
should be designed for applications from static cameras. At the same
time, color transformations could affect weather recognition, distorting
useful information.

4.3. Comparison with existing methods

Comparing our method with others has been challenging because
most authors do not publish the code used for training and inference of
their proposed neural networks, or the weights learned during training.
Therefore, we had to find a compromise for both tasks to compare
our results with those of other methods proposed in the literature. The
comparison with other weather recognition approaches is reported in
Table 6.

Except for the method proposed in Gragnaniello et al. (2024b), that
has been trained on the same 5 classes and evaluated on the same test
set, the other approaches have been tested on different images of the
Five Class Weather Dataset; since the software of these approaches is
not available, we refer to the work of Xie et al. (2022) for the perfor-
mance comparison. We can observe that the proposed multi-task neural
network outperforms all the counterparts, that are single-task neural
networks specifically trained for the five weather classes of interest.
The 89.32% average accuracy is 1.5 percentage points higher than the
one achieved by the approach presented in Gragnaniello et al. (2024b),
around 4 percentage points better than the algorithm described in Xie
et al. (2022) and 6, 10 and 13 percentage points greater than the other
methods (Zhao et al., 2019; Elhoseiny et al., 2015; Lu et al., 2017).
This result demonstrates the effectiveness of the proposed solution in
weather recognition.

Table 7
Comparison of ground surface recognition results with Gragnaniello et al. (2024b) on
their test set.

Method Dry No Dry Flooding Avg.
Our 82.10 94.06 71.64 87.35
Gragnaniello et al. (2024b) 82.80 84.70 99.80 83.80

Since there are no publicly available methods for the recognition of
ground surface conditions that have been trained to predict our classes
of interest, we applied our multi-task neural network on the dataset
used in Gragnaniello et al. (2024b), which considers three classes: dry,
no dry and flooding. The only class in common with our set is dry, while
flooding can be assimilated to our water; therefore, we associated the
predictions for the wet, snow and moist categories to the no dry class.
With this mapping, we compared the results with the ones obtained by
the method proposed in Gragnaniello et al. (2024b), shown in Table 7.

We can observe that, although our method is trained on more
classes, it is able to obtain an average accuracy higher by about 4
percentage points (87.35 vs 83.80). The clearest superiority is on the no
dry class (94.06 vs 84.70), while on the dry category the performances
are comparable (82.10 vs 82.80). On the flooding class the method
proposed in Gragnaniello et al. (2024b) is specialized, while in our case
the water category includes more situations including bodies of water;
for this reason we notice a performance drop on this class (71.64 vs
99.80). In any case, the multi-task neural network demonstrated good
generalization capability across a different dataset.

Finally, to provide hints about the interpretation of the network
decision process, we computed the class activation maps (CAMs) for
each classification branch, separately. A few examples are depicted
in Fig. 6. By analyzing the heatmaps, one can pinpoint the image
regions on which each classification head focused during inference. As
an example, the weather head (Fig. 6, center) focuses on the center
of the image but extends toward the top of it in the presence of fog
(top-center). Meanwhile, the ground surface head (Fig. 6, right) mostly
focuses on the bottom part of the image, thus different behaviors should
warn the user of possible unreliable predictions.

5. Discussion

The experimental results demonstrate the effectiveness of the multi-
task solution for weather and ground surface classification. The joint
learning of both tasks of interest allows to exploit the interdependencies
among the classification problems and to obtain better performance
with the multi-task network compared to the single-task baselines.
The use of GradNorm fosters a balanced learning over the two tasks,
ensuring a uniform accuracy improvement for weather and ground
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Fig. 6. Two samples (left) and the corresponding heatmap depicting the class activation maps for each classification branch, namely weather (center) and ground surface (right).
The heatmap may help to interpret the network decision by highlighting the regions that mostly contribute to each network prediction.
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Fig. 7. Confusion matrices of a multi-task neural network trained with the masked asymmetric loss using uniform y~ weights on the considered classes for weather classification
and ground surface recognition. Not considering the distribution of the training in the choice of the weights, the variance of the classification accuracy over the categories increases

with respect to the performance achieved by the proposed solution.

surface classification. The use of a spatial-wise and channel-wise at-
tention mechanism such as CBAM, which proved more effective than
HAM in the ablation study, further helped the multi-task network to
generalize across both the tasks; the selection of diversified regions of
interest using the two task-specific attention branches allows the neural
network to focus on the most relevant regions of the image for the task
of interest. The obtained results are not only encouraging in terms of
classification accuracy, but also for the saving of resources and process-
ing time with respect to the sequential execution of the two single-task
neural networks. Therefore, the proposed solution represents a tool
that can be used in real applications for quick intervention in case of
dangerous or non-optimal weather or ground surface.

The dataset collected and annotated for the training of the multi-
task neural network proved to be sufficiently representative of the
problem, considering that the performance of the trained system was
verified on a test set composed of totally different images. Having
demonstrated the effectiveness of this procedure, it may be possible to
extend the dataset by exploiting the presence of numerous public live
webcams around the world. The scenarios may be chosen by consider-
ing the imbalance among the classes, in order to have a more balanced
distribution of the samples. The annotation of these new images can
be carried out with a reliable but expensive manual procedure, or with
a semi-automatic procedure based on data imputation techniques. In
particular, the latter can be done by using already trained networks as
annotators, since the achieved accuracy, especially on weather recog-
nition, allows to speed up the process; of course, these labels obtained
automatically should be then verified manually.

10

The use of a masked loss allowed to exploit all the samples in the
dataset, even those partially annotated; considering that there were
almost 27,000 samples not annotated for weather classification and
over 12,000 for ground surface classification, the advantage of using
so many samples to improve the individual classification heads is not
negligible. Having a very accurate neural network available, even if
possibly more complex and computationally expensive, an alternative
may be to obtain the missing labels through knowledge distillation;
in this way, it would be possible to train a student multi-task neural
network starting from a dataset with complete labels produced by
expert masters.

The proposed learning procedure, based on asymmetric loss, proved
to be effective even with an unbalanced distribution of data within the
training set; the experimental results demonstrated the validity of this
choice with respect to a cross entropy loss. As it is evident from Fig. 7,
also the choice of the y~ weights plays a fundamental role; in fact, by
setting uniform values equal to 1, the variance of the accuracy on the
various classes increases, penalizing the categories with less samples in
the dataset (e.g. snow and moist). Of course, by using a dataset with
a more balanced distribution of samples among the classes the cross
entropy loss may be the best solution.

By following these research directions, the functionalities described
in the paper can be effectively used in modern smart roads to provide
real-time feedback on weather and road conditions, enabling adjust-
ments in streetlight intensity or timely alerts to authorities, identifying
and localizing hazardous weather or asphalt conditions for drivers and
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improving agriculture production by prompt interventions of farmers or
autonomous robots for watering, irrigation, and protecting plants from
adverse weather and frost.

6. Conclusions

In this paper we described a multi-task neural network for real-time
recognition of weather and ground surface conditions. This advanced
artificial vision technique has proven to be an effective tool for the im-
mediate notification of anomalous meteorological situations to guaran-
tee preventive intervention to safeguard agricultural heritage and smart
roads, as well as the safety of people. The proposed solution achieved
higher accuracy on the two tasks of interest compared to standard
single-task neural networks and existing methods, while guaranteeing
significant savings in processing time and computing resources. The
procedure for collecting and annotating the dataset to train the multi-
task neural network, as well as the learning process based on attention
mechanisms, masked asymmetric loss and GradNorm, have demon-
strated their effectiveness in the experimental analysis and constitute
a first step towards creating even more effective and efficient in a field
in which artificial vision has great margins for development. Future
developments in the collection of increasingly representative datasets
and more effective and efficient architectures can pave the way for the
creation of video surveillance systems with smart cameras, installed in
rural and urban areas, for the protection of agricultural heritage and
road safety.
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