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ABSTRACT

In the last 20 years, we have witnessed significant advancements in the research on autonomous vehicles (AVs),
but challenges remain in their global usage and adoption. According to government data, most AV testing in
North America occurs in the desert areas of the southern US where weather challenges are minimal. Little test
data is available from areas which encounter harsh weather (e.g., snow, heavy rain, dense fog). Given that object
detection is a critical functional requirement for AVs, in this paper, we examine the effectiveness of object
detection capabilities of AVs in harsh weather. The first part of our hypothesis is that industry-leading models,
mostly trained on datasets from normal weather conditions, will not perform well in detecting objects in harsh
weather. The second part of our hypothesis is that object detection accuracy should improve once these models
are trained on harsh weather datasets. We used two industry leading models (Faster R-CNN and SSD) with
KITTI (normal weather) and CADC (harsh weather) datasets for our research. Our experiment shows that when
trained with KITTI data, both models had an extremely low object detection precision on the CADC dataset,
supporting the first part of our hypothesis. In addition, our experiment also shows significantly improved de-
tection precision when these models were trained on the harsh weather dataset, thereby proving the second part
of our hypothesis. These results are valuable suggestions to the AV industry as it works to expand the deploy-
ment of AVs to harsh weather areas in the future.

Introduction

The field of Autonomous Vehicles (AVs) has garnered considerable attention from the public and particularly
those in the fields of engineering and computer science. AVs have evolved with the addition of different controls
and features, leading to the deployment of level-2 (partial driving automation) to level-4 (high driving automa-
tion) capable vehicles in many commercial applications. While significant progress has been made, government
issued permits for the deployment of AVs currently limit their use under harsh weather conditions. This limita-
tion underscores the existing gap in technology and the reliability of AVs in such challenging driving condi-
tions. Also, as per government data, most of the testing of AVs in North America on public streets is still being
conducted in the southern US where weather challenges are minimal (Figure 1).
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Figure 1. AV Test locations in USA. Bigger red dots represent locations where companies have reported higher
number of vehicles and among these locations, testing on public streets is carried out only in California, Ari-
zona, and Florida. Source is National Highway Traffic Safety Administration.

AVs have a pipeline of technical components that carry out specific tasks and interact with each other
while driving. These components can be summarized as perception, planning, and control related. The inputs
from raw sensors (camera, LIDAR, RADAR, ultrasonic sensor, etc.) are fed to the perception components to
assess the environment and vehicle state. Based on these inputs, prediction and planning tasks are carried out
and are eventually used by control components to generate motor commands. Within this technology stack,
perception components play the most important role in the performance of AVs in harsh weather conditions,
ensuring accurate detection of weather conditions, traffic objects, as well as the location of lanes and surface
condition of the roads. Computer vision technology has been the main driver in the advancement of the effec-
tiveness of object detection in AVs. The object detector should be able to accurately classify traffic objects
(cars, pedestrians, etc.) and localize those objects by drawing bounding boxes around them. Early object detec-
tion models were built as a collection of hand-crafted feature extractors such as Viola-Jones detector and His-
togram of Oriented Gradients (HOG). However, these models were not effective in dealing with the detection
challenges of different types of objects (classes) at real time speed. The Convolutional Neural Network (CNN)
based deep learning algorithms addressed most of these challenges by eliminating the need for hand-crafted
feature engineering and having the ability to automatically learn hierarchical features by taking image as an
input and computing its features at different layers of extraction. After AlexNet’s demonstration of superior
performance in ImageNet Large Scale Visual Recognition Challenge ILSVRC) 2022, deep learning-based ob-
ject detection algorithms have become commonly used for object detection tasks in AV and have been an active
area of research in the last several years.

Deep learning-based object detection holds great promise for advancing AVs, but it requires training
on robust datasets to handle the complexity of real-world driving scenarios. The quality, quantity, and diversity
of the data used for training, validation, and testing directly impacts the performance of deep learning models
in all environments. A few drops of rain or a snowflake on the sensor’s surface can block or distort perception
of objects (Figure 2). Snow or ice can block the traffic signs or lane lines, making the object detection task
challenging.
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Figure 2. Sample Image from datasets. The image on the left side is from KITTI dataset showing sunny day
road condition. Image on the right hand is from CADC (Canadian Adverse Driving Condition) dataset showing
wet snow and obscure traffic condition.

Researchers have publicly provided a significant number of datasets which are crucial to facilitate this
research (Table 1). These datasets for AVs have been collected over time through a carefully orchestrated data
collection effort that involves equipping vehicles with various sensors and driving them in urban and rural areas.
However, most of these commonly available industry standard datasets for AVs are from normal weather con-
ditions and fail to cover harsh weather conditions such as snow, dense fog, or heavy rain. While there are a few
datasets gathered in the last 3-4 years from harsh weather conditions, the volume is still very low and some that
do exist remain unlabeled. Research and benchmarking on these AV datasets is still primarily geared toward
normal weather conditions. Most of the prior research involving adverse weather conditions focused on evalu-
ating one object detection model or specific scenario, such as for foggy conditions or rain/light exposure.

Table 1. List of popular datasets for Autonomous driving.
#1-#5 - Standard Datasets from Normal conditions with minimal weather challenges
#6-#8 - Datasets from Harsh Weather Conditions

Standard Datasets Weather Places / Cities where data were taken

Condition

1 | KITTI Vision Benchmark Suit Normal City of Karlsruhe, Germany
Weather

2 | Waymo Open Dataset Normal Mountain View, California; Austin, Texas;
Weather and Phoenix, Arizona.

3 | NuScene Normal Boston (Seaport and South Boston) and
Weather Singapore

4 | ApolloScape Dataset Normal Beijing and other three cities in China
Weather

5 | Lyft Level 5 Open data Normal Palo Alto, California, USA
Weather

6 | Boreas dataset Harsh Weather | Toronto City, Ontario, Canada
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7 | Ithaca365 Dataset Harsh Weather | Ithaca, New York, USA

8 | Canadian Adverse Driving Condition | Harsh Weather | Waterloo, Ontario, Canada
(CADC) Dataset

In this work, we conducted a more comprehensive evaluation of industry-leading deep learning models
to assess the effectiveness of object detection tasks under harsh weather conditions. We performed our research
on two models to test our hypotheses because models have different architecture with varying degrees of accu-
racy, speed, and robustness. Performing research on two models eliminates any bias associated with one set of
architecture. We selected the Faster R-CNN and the SSD models for the evaluation (Table 2). We considered
the Faster R-CNN for its precise object localization, versatility, and widespread adoption. The SSD was con-
sidered for its real-time capabilities and balance between speed and accuracy. These two models differ in the
backbone CNN model used and the overall architecture for object detection. The CNN backbone is pretrained
on standard COCO datasets, providing the overall model with a starting point for object detection. The Faster
R-CNN model uses ResNet and the SSD model has VGG16 as backbone. The SSD has ‘one stage’ architecture
while the Faster R-CNN has ‘two stage’ architecture for object detection. In ‘one stage’ architecture, the clas-
sification of the objects and sizing of the bounding boxes are carried out in one step. In ‘two stage’ architecture,
the identification of the region of interest occurs first, i.e., if there is an object or just background. In the second
stage, the identified region of interest is classified as an object and a bounding box is created.

Table 2. Object detection deep learning models used in the experiment. The architecture, backbone CNN, pa-
rameters in Million as well as benchmark mAP (Mean Average Precision) on COCO dataset.

Model Name | Architecture | Backbone | Parameters | Coco mAP

Faster RCNN | Two-stage ResNet50 | 43.7 46.7

SSD One-stage Vggl6 35.6 25.1

We used two datasets for this experiment. The first dataset from KITTI was from normal weather
conditions and it represents the industry standard used to train and evaluate object detection models in AVs. In
the first steps of the experiment, we trained and evaluated the three models on KITTI datasets to establish
benchmark accuracy. The second dataset was from harsh weather conditions for which we used the Canadian
Adverse Driving Condition (CADC) dataset. The annotation data format was not compatible with the training
platform used, necessitating the manual annotation of 370 images. In the second step, we evaluated the models
from step 1 with CADC dataset to test the first part of our hypothesis that models trained on standard datasets
are not effective in detecting objects in harsh weather. In the third and final step, we trained and evaluated the
two models on the harsh weather dataset to assess whether object detection accuracy improves when these
models are trained with a relevant dataset. This step was essentially done to test and confirm the second part of
our hypothesis. The evaluation of object detection models with CADC dataset suggests that models are not
effective in detecting traffic objects in harsh weather conditions. However, after training the same models with
CADC dataset, their detection capabilities significantly improved.
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Methods

We conducted an experiment to evaluate the effectiveness of industry-standard object detection models in the
detection of traffic objects, such as cars and pedestrians, in harsh weather conditions (Figure 3). We divided the
experiment into three distinct scenarios to clearly test our hypotheses. In Scenario 1, we carried out training
and evaluation of object detection models with 2D KITTTI dataset to establish the benchmark for accuracy with
normal weather conditions. In Scenario 2, we evaluated the trained models from scenario 1 with CADC dataset
to test our first hypothesis. Finally, in Scenario 3, we finetuned the models with CADC dataset and then evalu-
ated the impact of training with harsh weather dataset on object detection. This is to test our second hypothesis.
We utilized the Roboflow platform to preprocess the datasets and the PyTorch platform to obtain object detec-
tion deep learning models for our training and evaluation steps. To visualize the training and evaluation results,
we employed a Google Colab notebook, where all the necessary Python code was compiled.

A. KITTI Dataset B. CADC Dataset
Acquisition Acquisition

|

C. Covert KITTI Dataset D. Hand annotate
to COCO Format using CADC Dataset using
Roboflow software Roboflow software

.

E. Train and evaluate Faster R-
CNN and SSD models with KITTI
dataset

I

F. Evaluate KITTI trained Faster
R-CNN and SSD models with - ‘ — Scenario 2

Scenario T

CADC dataset

l -

G. Train and evaluate Faster R-
Scenario 3~ CNN and SSD models with CADC
dataset

H. Statistical Analysis of the
evaluation results (MAP)

Figure 3. High level flow to outline the steps involved in this research. Step A and B are for downloading the
dataset from KITTI and CADC. Step C and D are to pre-process the data for PyTorch platform using Roboflow
software. Step E, F and G are training and evaluation steps for each of the three scenarios. Step H is for calcu-
lating confidence interval for the mAP results.

Data Acquisition and Preprocessing

We employed 2D images from the KITTI dataset in this experiment for Scenario 1 to train and establish a
baseline benchmark for the Faster R-CNN and the SSD models. 7481 images available on the KITTI website
were not in a format compatible with common object detection platforms like PyTorch. Therefore, we utilized
a more compatible Pascal VOC format which is available at Kaggle. This dataset consists of images in png file
format and annotations (bounding boxes and classes) in Pascal VOC XML formats. Therefore, we further trans-
formed this dataset in the Roboflow platform to convert the images from png to jpg file format along with the
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creation of annotations file in COCO format. KITTI data comprises 7,481 images with 51,868 annotated objects
spanning 9 classes.

We downloaded the CADC Dataset in three separate folders, capturing images from March 6th, 2018;
March 7th, 2018; and February 27th, 2019. The dataset includes images from 8 cameras, 1 LIDAR, and 1 IMU.
To make the dataset compatible with PyTorch, we utilized the Roboflow platform for conversion. While there
were thousands of images in the downloaded Waterloo dataset, many of them depicted very similar scenes.
Therefore, we filtered out about 10 — 15 unique images per scene for training and testing purposes. Subse-
quently, we uploaded these images to Roboflow, where we hand annotated all the images. This process was
time-consuming as we had to manually place a bounding box around every object that we were detecting in the
algorithms. The bounding boxes are needed to precisely fit the object for optimal training and testing. In total,
this manual annotation process resulted in almost 2500 annotations across all 1108 images. Both KITTI and
CADC datasets were split to create unique sets of training (70%), validation (20%) and testing (10%) data to
be utilized during training and evaluation steps.

Model Selection and Transfer Learning

We utilized PyTorch, a leading platform in deep learning research, for our experiment, given that most of the
industry-leading object detection models are available at this platform. The two models chosen for evaluation
on harsh weather data were pre-trained using the COCO dataset, allowing us to leverage transfer learning.
Transfer learning is a widely used concept in machine learning where a model trained on one task is reused or
adopted for another related task. The advantage lies in the fact that instead of starting the training and learning
process from scratch, transfer learning leverages knowledge gained from solving one problem and applied to a
different yet related problem. This approach is well suited for this research where we utilize models pre-trained
on object detection tasks for a wide class of objects and then further train it with KITTI and CADC dataset to
evaluate the performance. The pre-trained Faster R-CNN model has the mAP of 46.7% and the SSD has accu-
racy of 25.1%.

Model Training and Hyperparameters

After preparing the datasets and selecting pre-trained models, we proceeded to train the models to
finetune their parameters (weights and biases) to learn detecting traffic objects in KITTI and CADC dataset.
During training, data is fed in mini-batches through the model network, computing the loss for each mini-batch
and optimizing parameters. The selection of hyperparameters plays a crucial role in the performance of object
detection models. These parameters are not learned during training but are set at the start of the training process
which controls various aspects of the learning process. We maintained a similar setting for hyperparameters
during both training and evaluation steps to ensure consistency of results for all iterations. Below are the key
hyperparameters used for training:

e Batch size refers to the number of images passed in each forward and backward pass of training step,
which updates the model weights. It influences the speed and memory requirement of training. We
opted for a batch size of 5, which minimized memory requirement but extended the training duration.

e The number of epochs defines how often the entire training data is processed during training. After a
few trial iterations of training and plotting the loss curve, we started to see a plateau in the loss curve
after 18-20 epochs for the Faster R-CNN model. Thus, we set 20 epochs for all our training iterations
with the Faster R-CNN model. Losses during training with the SSD models stabilized around 28-30
so we set 30 epochs for training with the SSD models.

e The optimizer is an algorithm used to minimize the loss function. It updates the network’s weights
based on the loss gradient. We used the standard Stochastic Gradient Descent (SGD) optimization
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algorithm. Learning rate controls how much we adjust the model’s parameters in response to the esti-
mated error. It helps optimal performance of the model during training. We also used a learning rate
scheduler to decrease the learning rate every 3 epochs.

Training and Evaluation Metrics

Throughout the training of object detection models, losses are assessed and monitored to get valuable insight
into the model’s performance, guiding the learning process and ultimately improving the accuracy of object
detection. Losses are computed for each batch of training and validation datasets by comparing the model’s
predictions to the ground truth. Loss curves for both training and validation steps were plotted to track losses
as training progressed. Training would be considered complete when losses start to stabilize and show dimin-
ishing improvements over several epochs. We also monitored for signs of overfitting, when validation loss may
start to get worse, prompting us to stop the training process.

All three scenarios in this experiment had evaluation steps to measure the effectiveness of object de-
tection on a trained model on testing dataset. The AP (Average Precision) stands out as the most widely utilized
metrics for evaluating detection accuracy across various annotated datasets employed in object detection bench-
marking and research. A crucial indicator of a deep learning model's effectiveness is its precision level, quan-
tifying the ratio of accurate predictions to the total predictions made. Recall, on the other hand, refers to a
model's ability to identify all relevant instances, representing the rate at which a model makes accurate positive
predictions relative to the number of known facts. For comparing the performance of deep learning models,
researchers use the mean average precision (mAP), which is the average of precision scores across all classes.
This serves as a singular metric for final evaluation. We selected mAP as a singular metric to evaluate the two
object detection models in harsh weather conditions. The evaluation results were recorded for the three scenar-
ios for each object detection model.

Results

We used the RCNN and the SSD model to calculate mAP to evaluate the performance of object detection
models with CADC dataset and use it as the key metric to test our hypothesis. It is important to evaluate models
on different sets of unseen harsh weather data to assess how models are generalizing object detection to different
datasets as well as to assess any uncertainty associated with the results. We performed 10 iterations of evaluation
with different sets of images for each scenario. We used a ‘random split’ function to generate different sets of
training, validation, and testing data to be used in each of the 10 iterations of training and evaluation. We also
used manual seed to ensure reproducibility and consistency during training for each of the 10 iterations. Once
we obtained 10 sets of mAPs for each scenario, we calculated the mean, standard deviation, margin of error,
95% confidence interval (CI) and the p-value.

After the model training and 10 test runs, we achieved a mean average precision of 0.401 and 0.022 in
scenario 1 and scenario 2 in the Faster R-CNN model (Table 3 / Figure 4). We notice a similar contrast in the
means between scenario 1 (0.200) and scenario 2 (0.030) in the SSD model. Our results support our first hy-
pothesis that object detection accuracy will decline in harsh weather for models trained on data from normal
weather conditions with a p-value of 6.43828E-28 for the Faster R-CNN model and 2.71074E-27 for the SSD
model, both significantly smaller than 0.05. In addition, we notice that when the model was trained with harsh
weather data (scenario 3), the mean average precision was 0.304, significantly higher than 0.022 in scenario 2
in the Faster R-CNN model. Similarly, in the SSD model the mean in scenario 3 (0.143) was significantly higher
than the mean in scenario 2 (0.030). These results support the second part of our hypothesis that object detection
accuracy improves as models are trained with harsh weather dataset with a p-value of 9.52453E-21 in the Faster
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R-CNN model and 3.33012E-25 in the SSD model, both significantly smaller than 0.05. The mAP is lower in
the SSD model than the Faster R-CNN model, but results from both fully support our hypotheses.

Table 3. Mean Average Precision (mAP) of the 3 datasets / scenarios over 10 test runs of different image sets
on the Faster R-CNN and the SSD Models.

Faster R-CNN model SSD model

Scenario 1 | Scenario 2 | Scenario 3 | Scenario 1 | Scenario 2 | Scenario 3
Image set 1 0414 0.023 0.275 0.194 0.029 0.141
Image set 2 0.412 0.022 0.288 0.201 0.031 0.141
Image set 3 0.388 0.022 0.305 0.209 0.035 0.136
Image set 4 0.403 0.024 0.292 0.199 0.028 0.147
Image set 5 0.389 0.023 0.308 0.197 0.029 0.147
Image set 6 0.390 0.025 0.302 0.196 0.031 0.142
Image set 7 0.405 0.022 0.346 0.198 0.032 0.145
Image set 8 0.410 0.020 0.310 0.205 0.034 0.146
Image set 9 0.395 0.023 0.305 0.205 0.028 0.142
Image set 10 0.400 0.019 0.307 0.202 0.029 0.145
Mean 0.401 0.022 0.304 0.201 0.030 0.143
Standard Devia-
tion 0.0098 0.0018 0.0185 0.0046 0.0024 0.0035
Margin of error
for 95% CI 0.0061 0.0011 0.0115 0.0029 0.0015 0.0022
95% Confidence
Interval 0.395-0.410 | 0.021-0.024 | 0.292-0.322 | 0.198-0.205 | 0.029-0.033 | 0.141-0.147
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Figure 4. mAP calculated in three scenarios with the Faster R-CNN and the SSD model.

Losses were measured and monitored throughout the training of models with training and validation
datasets (Figure 4). For the Faster R-CNN model, losses began to stabilize around 20 epochs with no further
improvement for either KITTI and CADC datasets. The SSD model, on the other hand, took 30 epochs to reach
stability. Across all the training cycles, we observed that validation losses followed very close to the training
losses indicating good generalization of object detection capabilities. This also indicates that models completed
their training and the mAP calculated on testing dataset reflects accurate object detection capabilities of the
model in this experimental condition. We observed that losses were lower as well as the gap between training
and validation losses were narrower with the Faster R-CNN compared to the SSD model. This explains better
accuracy results with the Faster R-CNN model.
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Figure 5. Training and validation losses measured during training.

4A: Losses measured during training of the Faster R-CNN model with KITTI Dataset over 20 epochs.
4B: Losses measured during training of the Faster R-CNN model with CADC dataset over 20 epochs.
4C: Losses measured during training of the SSD model with KITTI dataset 30 epochs.

4D: Losses measured during training of the SSD model with CADC dataset 30 epochs.

Discussion

Both the Faster R-CNN and SSD models had an extremely low mAP in Scenario 2, where we performed object
detection evaluation on the harsh weather CADC dataset using models trained with KITTI data. This supports
our first hypothesis that leading object detection models, primarily trained on datasets reflecting normal weather
conditions, prove ineffective in detecting objects in harsh weather conditions. The CADC dataset is from harsh
Canadian winter weather conditions, and we observed with many images that snowflakes are melting into ice-
slurry on the camera’s optical window and form an opaque blockage on the traffic objects. This can deteriorate
image intensity and obscure the edges of the pattern of certain objects which leads to detection failure.

The mAP showed a significant improvement in Scenario 3 for both the models, where we trained the
model with CADC data and then performed evaluation. This improvement underscores the fundamental idea
of CNN based deep learning models where it learns hierarchical representation of the features from the input
data. By exposing the model to a diverse set of training data, the deep learning model learns to generalize its
understanding of the underlying patterns which develops the ability of the model to make accurate predictions
on new, unseen data.

The faster R-CNN model performed better than the SSD model during training with lower loss values
as well as during evaluation with higher AP. This can be attributed to the two-stage architecture of the Faster
R-CNN model as compared to the relatively simpler architecture of the SSD model where it predicts the bound-
ing boxes and classification in a single pass. The one-stage architecture makes the SSD model faster, but it
comes at the expense of accuracy.
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The training and evaluation results from the KITTI dataset were the best, primarily driven by the da-
taset’s volume and number of annotated objects. We had 7,481 images with approximately 52K annotated ob-
jects in the KITTI dataset, compared to 1108 images with 2.5K hand annotated objects within the CADC da-
taset. The discrepancy indicates that object detection precision on harsh weather dataset will improve with the
increase of training datasets. The limited number of frames within the dataset for harsh weather used in this
work is due to the highly tedious nature of hand-annotating images. Our recommendation is to develop im-
proved systems for labeling data and the capability to format labeled data to be compatible with deep learning
platforms. The CADC dataset is labeled by Scale Al but the format is not compatible with the PyTorch deep
learning platform. Consequently, we had to undertake manual annotation and formatting, requiring multiple
days of effort.

It is essential to have enough data covering each type of weather conditions (heavy rain, snow, fog,
sandstorm, darkness, bright sunlight etc.) and test almost every algorithm on these datasets to expedite the
research of AVs in harsh weather conditions. The majority of the available harsh weather datasets are currently
collected by researchers in their nearby area by driving a vehicle equipped with cameras, LIDARSs, and other
sensors. Another increasingly popular method of data acquisition is through simulation platforms like Carla and
AirSim, where researchers can create custom-designed, complex road environments with adjustable weather
conditions. In these simulation platforms, a variety of vehicles are available to drive, equipped with a choice of
sensors to collect data for subsequent use in research focused on perception tasks.

Conclusion

This experiment substantiates that object detection capabilities developed with data from normal weather con-
ditions are not sufficient for harsh driving conditions. It also confirms that deep neural networks have the capa-
bility to detect objects in harsh driving conditions if trained with relevant data. It is encouraging to see the
efforts that researchers and AV manufacturers have been putting into gathering the harsh weather data and its
subsequent annotation, but we still have a long way to go.
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