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Abstract: This study focused on the possibility of implementing a vision-based architecture to monitor
and detect the presence of trash or valuables in shared cars. The system was introduced to take
pictures of the rear seating area of a four-door passenger car. Image capture was performed with
a stationary wide-angled camera unit, and image classification was conducted with a prediction
model in a remote server. For classification, a convolutional neural network (CNN) in the form of
a fine-tuned VGG16 model was developed. The CNN yielded an accuracy of 91.43% on a batch of
140 test images. To determine the correlation among the predictions, a confusion matrix was used,
and in addition, for each predicted image, the certainty of the distinct output classes was examined.
The execution time of the system, from capturing an image to displaying the results, ranged from
5.7 to 17.2 s. Misclassifications from the prediction model were observed in the results primarily
due to the variation in ambient light levels and shadows within the images, which resulted in the
target items lacking contrast with their neighbouring background. Developments pertaining to
the modularity of the camera unit and expanding the dataset of training images are suggested for
potential future research.
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camera module
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1. Introduction
The growth of public transportation along with shared vehicles and driverless taxis
has attracted significant attention in modern times in an effort to reduce traffic on roads and
vehicle emissions [1]. Thereby, to encourage passengers to use these means of transport
over private vehicles, it is pivotal to maintain and ensure elevated levels of cleanliness
especially with respect to the interior condition of vehicles subjected to public use on a
regular basis.
Hence, the project conducted here was focused on detecting distinct types of trash
items as well as valuables that would be left behind by users across the seating area of
shared passenger vehicles. In the context of the current research, valuables include different
types of personal belongings that are common and must be returned to a passenger, while
trash corresponds to leftover items that can be directly discarded from the vehicle. The
detection was based on the use of machine vision.
Upon prompt identification of any such undesirable sources inside the vehicle, the
maintenance personnel would be able to take immediate action to eliminate the exposure
of the leftover items to the next passengers of the vehicle. Additionally, it would also be
possible to produce the identity of passengers who have left their personal belongings in
order to return them. Through the timely detection of leftover items, customer confidence
in using public transport modes will ultimately be enhanced.
Furthermore, in the current research, the possibility of using such a detection system
embedded in a shared vehicle was studied by creating a prediction model based on computer vision and analysing its outcomes to prove the viability of the implementation in
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real-world use-cases. Subsequently, in the current research, the proposed method is to
capture images at scheduled time intervals using an in-car camera unit.
The images would correspond to the interior seating area and would be processed
autonomously in order to determine the state of cleanliness within the cabin of the vehicle.
While this article is concerned with detecting leftover items in the cabin, it should be noted
that cleanliness contains other factors too, such as stains in the cabin, the cabin odour and
gravel or mud in the cabin (which are not addressed in the scope of the current research).
The specific form of detection in the current research corresponds to classification. The
prediction model we propose to implement will classify a given image to one out of three
possible output classes: Empty (clean), Trash (containing items of trash, such as cans and
bottles) and Valuable (containing customer belongings, such as mobiles, wallets, backpacks
and key sets). Therefore, in our project scope, the model was not developed to perform
object recognition but categorization within three distinct classes. The proposed camera
system will be limited to the rear seating area of the vehicle only.
The prediction model was expected to produce a minimum classification accuracy of
85% with varying lighting considered (as the illumination levels within the vehicle will be
dependent on the time of day and weather conditions). Additionally, a custom annotated
dataset will be constructed and put together for the purposes of reuse or optimization in
future development work based on similar research scopes. Consequently, the novelty
of the current research is achieved through a custom dataset creation and an applicationspecific algorithmic architecture for prediction using computer vision.
Moving on to the state-of-the-art, the image database compiled by Thung & Yang [2],
which included up to 500 images across six different litter classes, was found to be the most
widely used choice for creating trash classification models based on neural networks [2,3].
Another choice was the VN-trash dataset, which was substantially bigger, with up to
5900 images but across merely three classes of waste categories [4]. For the classification of
litter in non-typical environments, such as underwater, specialized image datasets have
been compiled [5,6].
Convolutional neural network (CNN) models have been recognized to be a popular
choice among researchers to create garbage detection and classification models that is
evident in [2,3,7–9]. A frequent approach was to import a predefined neural network
model, examples of which include AlexNet and ResNet, followed by the step of training
the network’s hyperparameters (which include techniques of transfer learning and fine
tuning) to ultimately create an application specific prediction model. The CNN trained by
Thung & Yang [2] produced an accuracy of 22% that, as the research presented, was due to
the insufficient requirements of the dataset and lack of model training.
However, precise tuning of the hyper-parameters in prediction models, yielded accuracies of up to 87% using a ResNet-34 model [8] and 84% using a max pooling CNN [9].
The classification of waste among the six distinct categories given in [2] was also performed in a recent study using a functional link neural network and yielded an accuracy
of 98.61% in a custom dataset created in the study [10]. Furthermore, Fulton et al. [5]
presented, in their research, the applicability of commonly used existing object detection
models, such as YOLO [11], to classify garbage, highlighting their execution speeds using
different processors.
Vision-based prediction models created with conventional algorithmic approaches
for trash detection outdoors were observed as follows: scale-invariant feature transform
(SIFT) [2] yielded an accuracy of 63% in its custom image dataset, Viola–Jones detection [12] yielded an accuracy of 82.7% over a total of 1000 images and Karhunen–Loeve
(KL) expansion [13] with an unspecified accuracy due to not being implemented in a real
time application. Yet, image classification was performed using support vector machine
(SVM) across all three applications listed above, despite the difference in the choices of
detection techniques.
Another observation made in former studies was the development of special purpose
interior sensors to perform the task of monitoring the cleanliness status in vehicle cabins.

Appl. Sci. 2022, 12, 5695

3 of 15

Such installations were evident in [14], in which a camera was used for cabin surveillance
and safety mechanism activation, and in [15], in which the basic viability of identifying
objects on the seating area of vehicles was experimented with the use of a transducer and
electric field sensor combination.
Henceforth, it is discernible that the state-of-the-art in algorithmic techniques based
on computer vision is well set up. Therefore, it is evident that the core requirement
is to not develop the code from scratch but to import the base concepts of a suitable
vision-based model that currently exists and alter their framework (as well as the relevant
variable combinations) alongside applicable code level expansions that would complement
the application of identifying trash and valuables inside shared vehicles. Moreover, the
integration of suitable automation to monitor internal cleanliness is still in precursory
stages of development.
Thus, the research gap was identified to be in the use of a suitable algorithmic technique, based on machine vision, to monitor the interior cleanliness as well as seat occupancy
(with respect to leftover items) in shared vehicles when there are no passengers inside.
The goal would then essentially be to classify images with trash and valuables in the rear
seating area of the vehicle using a suitable vision-based architecture and compare the
results with known tagged data to prove the accuracy of the system. We believe our work
will ultimately contribute towards the future management and growth of shared vehicle
usage, thus, contributing towards the mitigation of energy consumption in transportation.
This paper is organized as follows: Section 2 presents the methodology; Section 3
presents the results; Section 4 presents the discussion; and Section 5 presents the conclusion.
2. Materials and Methods
A Ford Focus (2017 model), allocated for research and development purposes at the
Aalto University, was used to install the camera unit for feeding images to the prediction
model. The approach was based on the intuition that all shared vehicles from one organization would be of the same model, and hence, the prediction model can later be fine-tuned
to other vehicles using the architecture developed in the current research.
It is important to highlight that the camera module configuration in the vehicle was
developed with the focus of system demonstration and therefore not essentially as a final
solution of implementation. The setup consisted of an ELP 170◦ fisheye camera unit to
obtain images of the rear seating area. The camera was located next to the left roof handle
in place of an internal light because of the practical impossibility of placing it above the
middle of the rear seat (as the car had a sunroof). Additionally, to ensure that clear images
could be obtained under varying levels of internal illumination (especially when it is dark
outside), an LED light strip was installed to run across the entire width of the car over the
rear seat and was fixed at both ends to the roof handles.
The camera unit was joined to a Raspberry Pi 3 Model B processor via USB. For
controlling both the state (ON/OFF) and brightness of the light module, an N-channel
MOSFET was employed. The power for the in-car unit was provided by A 12 V rechargeable
battery source. The schematic of the integrated circuit is shown in Figure 1 while Figure 2
shows the implemented layout. It should be highlighted that that all the components of the
camera unit, with exceptions of the light module and the camera itself, were positioned
within the trunk of the car as shown in Figure 2. Furthermore, the battery pack was
already installed in the vehicle, prior to the commencement of the current research and was
intended for shared use among all research work conducted with this vehicle.
Figure 3 illustrates how the sequence of events occur during the process, which commences from capturing an image and terminates when the predicted results are displayed.
The original resolution of each captured image was 1920 by 1080 pixels (however, each
image had to be preprocessed to scale it down to a size of 224 by 224 pixels prior to being
input to the CNN).

Appl. Sci. 2022, 12, 5695

4 of 15

Figure 1. Schematic of the in-car camera unit.

Figure 2. Final configuration within the research vehicle.

Figure 3. Process flow of the implemented detection system.
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After receiving the detection command, the camera and light module would be activated until the image is taken. Figure 4 presents the comparison of capturing an image with
and without the installed LED light. The Raspberry Pi, connected to Wi-Fi, will then receive
and transmit the image to a server located remotely. Then, in the server, the prediction
model, in the form of a classification algorithm, will be executed, and the results displayed
subsequently. Elaborating on the communication protocols, the Raspberry Pi supports
remote access, which enables program modification and execution via Secure Shell (SSH).
Secure Copy Protocol (SCP) was used to transfer captured images to the remote server.

Figure 4. Comparison of using the LED strip to obtain images of clarity. (a) LED strip when
illuminated. (b) LED strip when non-illuminated. (c) Image captured without illuminating the
LED strip when it is dark outside. (d) Image captured while illuminating the LED strip when it is
dark outside.

Before training the prediction model, a database of images was created for the purpose
of training and testing the prediction model. It contained images for the three output
categories listed in the introductory section, with the inclusion of applicable exterior
variations in the images, primarily with regard to different forms of shadows and levels
of lighting. To collect images of empty seating areas, the approach was to execute a script,
which captures an image, representing the condition of the rear seating area, on every
periodic interval (ranging from 30 to 60-min time gaps) throughout the day in order to
have different lighting levels and shadows across the captured frames.
The approach here offers a benefit of not requiring human intervention or supervision
as the program for capturing images periodically can be run continuously when the car is
left parked in a location outdoors. Additionally, the parking spot was different for each day

Appl. Sci. 2022, 12, 5695

6 of 15

as a measure taken to increase the variation of lighting and shadows across the images. Yet,
capturing images with the inclusion of objects in the car is relatively tedious as it requires
manually placing different types of items in the vehicle for each image. Doing this for
different lighting conditions was further challenging. Images comprising valuables were
obtained by placing different amounts and types of valuables in randomized places of the
rear seating area.
The proposed algorithm to generate the prediction model was a CNN due to the
highly specific nature of the current image-processing application. Specifically, the VGG16
model architecture [16] was imported and fine-tuned using software libraries and modules,
including Python, Keras, Tensorflow, OpenCV and Scikit-learn. The VGG16 model architecture was adopted instead of a more advanced and more recently developed deep-learning
model due to multiple reasons. First, VGG16 is a lightweight model with a smaller depth,
which is capable of providing baselines to prediction-based systems.
This was a suitable choice in the current scope of the research whose primary aim is to
prove the viability of the proposed vision-based detection system with limited data. The
ideal model for training will be explored in future work with higher combinations of natural
data (more types of trash and valuable item classes) from real and multiple shared vehicles
in operation. Furthermore, VGG16 has approved availability of pre-trained models, which
can be adapted and trained with specific optimization to achieve the detection requirements
of the current research. Hence, the focus leans more towards fine-tuning and optimization
rather than model creation or modification from the structural level.
The image data was divided into training, validation and testing batches in developing
the prediction model. The tools of analysis used in the current research to evaluate the
performance of the model and govern its generalizability and accuracy included confusion
matrices, model training plots and trial comparison tables (a table presenting the outcome
of the model’s accuracy based on various hyperparameter combinations).
Additionally, a comparative method was also proposed with the creation of a background subtraction model. The goal in this algorithm was to, first, form a static (background) model of a back seat area under ordinary circumstances (without any external
items). Subsequently, the algorithm was expected to detect the foreground of captured images, in which the foreground would essentially correspond to leftover items of passengers
(trash and valuables).
Lastly, by deducting the estimate corresponding to the mask (which is the background)
and comparing the result with a pre-set threshold, the presence of items can be verified. The
OpenCV library was used to implement the background subtraction algorithm. Figure 5
corresponds to the manner by which this algorithm was employed.

Figure 5. Steps undertaken in developing the background subtraction model.

3. Results
3.1. Dataset
The final quantity splits of the obtained images are shown in Table 1. Note that in the
final row of the table that the total number of images for the prediction model corresponds
to the addition of the previous rows, except for the original training images (fourth row),
because the augmented images have been accounted for.
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Table 1. Categories of the images within the compiled dataset and their respective quantitative compositions.
Category
Training
Validation
Testing
Total (original)
Augmented training
Total (model)

Empty

Trash

Valuable

Total Split

160
192
60
412
466
718

151
120
40
311
448
608

181
120
40
341
529
689

492
432
140
1064
1443
2015

The augmented images are used in the training process of the CNN with parameters of
augmentation, including brightness, position, orientation, scale and flip. Additionally, the
trash category included various types and sizes of bottles and cans only, while the valuables
category primarily contained cell phones, wallets, backpacks and keys. The limitations
from a quantitative perspective of the images was primarily due to the practical difficulties
in obtaining image data (as explained in page 5) and due to the pandemic situation.
The specifics of the practicalities of data collection are highlighted in pages 21 and
29 of the thesis report, which is linked under the data availability statement of this paper.
The manner of ensuring higher scale data acquisition in future research (to obtain more
variety of natural data with respect to trash and valuable items) for better adaptability and
generalization is presented in the discussion and conclusion chapters of this paper.
The boundaries of the images obtained from the research vehicle is evident in Figure 6.
Note that in the images presented that the camera covered the proposed detection area
within the scope of the project but contains two other sources of variation, including the
status of the rear doors (which could be opened, closed or ajar) and the back portion of the
front seats (which are sometimes present based on the position of retraction of the seat).

Figure 6. A series of captured images belonging to the three distinct classes (a) empty, (b) trash and
(c) valuable, respectively.
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3.2. Fine-Tuned VGG16 Prediction Model
In the final architecture of the VGG16 model, SoftMax activation was used. The
conversion of the vector values, by the SoftMax function, to corresponding probabilities of
the three output classes can be described by
P( y i ) =

ey i
y ,
∑j e j

(1)

where y is the input value of the vector from the previous layer and P(yi ) is the probability
of this input value. The variables i and j are the indices of the vector and sum, respectively.
Furthermore, Rectified Linear Unit (ReLu) activation was associated with each activation compatible hidden layer of the CNN. Stochastic Gradient Descent (SGD) with a
momentum of 0.9 was chosen as the optimizer of the network due to its observed capability
of producing better results when updating the weights of the CNN throughout the training
epochs. The loss function for the CNN was categorical cross-entropy since the model
corresponded to a classification problem with three possible output classes.
Since it was important to ensure that the loss magnitude did not exponentially increase
over specific bounds during training, L2 regularization (adding squared coefficients to
the loss function) was also integrated into the architecture of the model. Regularization
was used for all regularization compatible hidden layers with a constant value of 0.001.
Additionally, a learning-rate scheduler was utilized in the form of a step decay function as
a measure to control the learning rate during the training of the model. The equation of the
learning rate used yields to:
lr = id

1 + ep
ep_s

,

(2)

where lr is the learning rate, i is the initial learning rate (0.001), d is the fraction by which
the learning rate reduces (0.1), ep is the current epoch, and ep_s is the number of epochs,
which should be completed before changing the value of the learning rate (40).
The model was trained using a range of hyperparameter combinations, with observations on the variation in the training and testing plots with respect to the loss and accuracy.
The total number of training epochs was set to 120 (without early stopping) and batch sizes
of 300, 108 and 140 were used for the training, validation and testing sets, respectively.
Figure 7 illustrates the final plot once the desired accuracy of the model was reached.
Note that the validation error fluctuates during training. Specifically, this fluctuation is
primarily due to the validation set not being an ideal representation of the whole dataset
used for training.
The validation accuracy on the other hand increases and eventually saturates at
the point where the training accuracy and the training loss become stable (which is the
behaviour we intended to see). The contrast between the validation loss and the validation
accuracy in our results was a unique case. The difference can be related to the manner by
which the values are calculated for each epoch in which the validation loss corresponds to
a loss function while the validation accuracy corresponds to an accuracy metric during the
compilation of the model in Tensorflow.
The limitation of the dataset requirements here is therefore evident from the validation
plots, which indicate slight overfitting due to a quantitative bias among certain item
categories used in the current research. Thus, we are able to confirm the requirement
for expanding the dataset for attaining a better ability of the model to generalize for a
larger variety of potential leftover items (specifics of the future research is addressed in
the conclusion).
Figure 8 shows the final confusion matrix, and this corresponded to the correlation
between the predicted classes and the ground truth for the test batch of images. The final
accuracy of the batch of 140 test images was observed to be 91.43%. Two files were generated
as outputs to further examine the test results. One file listed the correct classifications,
while the other listed the incorrect ones. Each image was presented with an index in their
file along with their corresponding probabilities of certainty. In doing so, it was possible to
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identify patterns of false predictions and address them during the training phase of the
prediction model.

Figure 7. Variation of the accuracy and well as the loss during the training of the vision-based
prediction model. Notice how the validation loss, in comparison to the other plots, was inconsistent
with heavy fluctuation.

Figure 8. Confusion matrix for the test batch.

To visualize the results conveniently, a web page was linked to the server. The web
page displayed each classified image with the annotations corresponding to the predicted
class as well as the probability of uncertainty. Figure 9 shows the output corresponding to
a series of these images, shown earlier in Figure 6, from each of the three classes.
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Figure 9. Images from Figure 6 annotated with the classification and probability of certainty for the
distinct classes (a) empty, (b) trash and (c) valuable.

3.3. MOG2 Background Subtraction Model (OpenCV)
Figure 10 shows the output yielded in two test images when the developed substandard background mask was applied, indicating areas of redundant foreground. To form
the background model, 117 images of empty seating areas were used, with combinations
of different parameters corresponding to the ratio of the image background, amount of
Gaussian mixtures, variance threshold and shadow detection (true or false).

Figure 10. Outcome of imposing background subtraction for an (a) empty seating area and (b) seating
area consisting of trash.

However, we were not able to produce an acceptable approximation for the background, mainly due to the positional changes of the front seats and the existence of shadows.
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Therefore, the model was not able to generalize once it received new data. Due to the
poor formation of the background model, a meaningful threshold could not be set to
distinguish clean seating areas from those consisting of unknown entities. Therefore, we
discontinued the implementation of background subtraction at the preliminary stage of
binary classification (image with no leftover items and image containing leftover items).
4. Discussion
4.1. Evaluation of the Prediction Model
The algorithmic approaches used in the study yielded opposing findings, with the
CNN showing potential and the background subtraction method failing. Consequently, the
fine-tuned VGG16 model was in focus when evaluating the results. The outcomes from
the CNN revealed that the images responded positively to changes in the rear door states
(opened, closed or ajar) across all three classes. This observation is evident in the images
in Figure 9, in which there are no trends in certainty based on whether the rear doors are
closed, opened or in the ajar state. As a result, this external form of variation in the images
had no substantial impact on the certainties.
When the seat of the driver was moved its rearmost position with respect to how
much it can be retracted, as shown in Figure 11a, the prediction model was observed to
produce anomalous classifications. Note the area circled in red, corresponding to the base
of the headrest of the seat of the driver, which is only visible when the seat is retracted all
the way back to the position shown in the image. The problem was that there was a lack of
training images of the seat of the driver in this position.

Figure 11. Samples of misclassified images with red circles corresponding to (a) base of the driver’s
head rest, (b) item subjected to glare, (c) item lacking contrast with the neighbourhood and (d) item
with lack of contrast at one of the furthest points from the camera.

Limited contrast and excessive shadows, both of which hamper the potential of the
camera to capture the item in a clear and visible manner, were also found to be significant
sources of error in the final classification. Figure 11b shows how an instance of an incorrect
classification, which can potentially occur in a predicted image when an item having a noticeable amount of glare (in this case, a mobile phone with the display face up) is positioned
in an exceptionally bright location of the seat. Figure 11c presents a misclassification of an
object that is positioned in a dark area and hence lacks contrast with its neighbouring pixels.

Appl. Sci. 2022, 12, 5695

12 of 15

The use of a camera with higher quality and the use of contrast enhancement filters
are two possible remedies for this problem that will additionally be tested in future development work. When objects with a limited contrast are positioned at one of the distant
positions with respect to the camera, minor misclassifications between the trash and valuable classes were observed as evident in Figure 11d. Expanding the image dataset, used
for training the model, with more quantities of similar cases is one method of correction to
address this shortcoming.
Table 2 presents the cycle times of the distinct sequences of processing within the
developed architecture, ranging from capturing an image with the in-car camera unit to
classifying the image by the prediction model located in the remote server after successful
image transmission. The figures in the table were gathered during the testing phase, and
the total cycle time per image was influenced by the network connection strength in most
cases. Therefore, if the data were acquired for distinct network connections at various
locations, the overall time range for the cycle was expected to be greater than depicted here.
Table 2. Cycle times corresponding to the primary process blocks with respect to the detection system.
Process

Min Time

Max Time

Capturing an image
Transmission of the captured image (with SCP)
Prediction model execution
Total elapsed

0.46 s
0.20 s
5.00 s
5.66 s

0.98 s
4.20 s
12.0 s
17.2 s

4.2. Comparison to Previous Studies
While most of the research work covered in the state-of-the-art chapter focused on
the identification and classification of various types of trash, the study presented here
emphasized the classification of an image based on unknown objects under the categories
of trash as well as valuables in an application specific environment. In this approach,
knowing the exact type of trash or valuable is not very useful since the intended response
upon classification could be developed with the three classes considered (removal of
any identified sources of trash or valuables would always require human intervention as
automating this process is not practical). However, we determined that it was useful to
know if the image contains valuables or trash (as opposed to binary classification between
an empty image and an image containing leftover items) as the maintenance personnel
could use the input to determine if the items have to be returned to the passenger.
In contrast to most previous neural network-based prediction models [3,8,9], the
fine-tuned VGG16 used in this study had a simpler architecture and a fewer number of
layers (depth). As a result, tuning the model until it reached an acceptable prediction
accuracy was made possible. This can be seen in the comparison of the accuracy of our
study, which was 91.43%, to earlier models, which had lowest and highest accuracies of 22%
and 98%, respectively. The comparison of the accuracies for related classification models is
summarized in Table 3.
Table 3. Comparison of the classification accuracies of the trash classification models from the
previous studies. Note however that each research utilized its own dataset, which adds an element of
bias to the comparison.
Study
Thung and Yang [2]
Adedeji and Wang [3]
Bai et al. [8]
Alsubaei, Al-Wesabi and Hilal [10]
Thung and Yang [2]
Salimi et al. [12]
Current research

Model Architecture

Accuracy

Artificial CNN
ResNet-50
ResNet-34
Functional link neural network
SIFT and SVM
Haar-Cascade and Viola Jones
Fine-tuned Vgg16

22%
87%
87.26%
98.61%
63%
82.7%
91.43%
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In comparing the classification accuracies given above in Table 3, we were able to
determine that the performance primarily depended upon three factors: the network
architecture of the prediction model, the extent of hyperparameter tuning and the quantity
and variance of the dataset. The functional link neural network [10] is comparatively the
most recent research conducted in 2022. It was focused explicitly on garbage management
to identify different classes of waste (which was the main focus of other previous work as
well except ours).
The authors here had built upon the VGG16 architecture with the inclusion of multiple
sub modules specifically formulated for the application of garbage classification. They
had used a comparatively larger dataset for training (up to 2500 raw images) and were
highly precise and elaborate during the hyperparameter tuning and validation phases.
Consequently, we are able to observe the highest comparative accuracy of classification
for the research in [10] as presented in Table 3. On the other hand, the research in [2] had
the lowest classification accuracy. Their training dataset was much smaller (approximately
500 raw images), and the authors of the paper clearly mentioned the lack of training in
their CNN classification model.
Their second approach was based on traditional computer vision approaches, which
seemed insufficient with respect to the algorithmic capability in achieving the goal of waste
classification (the same can be deduced about the results from the research in [12] but with
a higher classification accuracy as a result of better algorithm tuning). Moreover, former
neural network-based prediction models relied on stable backgrounds with minimum
variation of lighting and shadows.
Unlike existing image datasets, such as [2,4], which were primarily made up of various
types of trash, the dataset generated in our study emphasized on a specific use case with
the inclusion of valuables that were not addressed in previous studies. Thereby, it is clear
that the focus with respect to the outcome of our research was slightly different from the
other models presented in Table 3 as we were not interested in the explicit categories of
trash but to determine if the image consisted of trash or valuable items.
In contrast to current datasets that are more generalized, the nature of the dataset in
our research was biased and had a higher variance of high-level object classes (both trash
and valuables and not only different types of trash) since it featured images containing
items that were handpicked and placed in the car at randomized positions. The process of
manual placement will be eliminated during the future development of the model since
the camera unit will be installed in real shared vehicles, in which case, we can expand the
dataset by obtaining images of actual leftover items from the passengers.
Doing so will allow us to expand the current dataset to better exert the benefits of our
prediction model with respect to its ability of generalization for a larger variety of item
classes that would be applicable in real use-case scenarios. Subsequently, the architecture of
the model will also be improved to achieve high-quality feature recognition for increased
reliability across multiple applicable item categories, such as food wrappers, plastic bags
and cigarette butts (in addition to more variance of the current item classes).
Specifically, we aim to advance the prediction model from classification to detection in
order to convert our research aim, from proving the viability of the system to generating
its optimal state in effectively accomplishing the concrete requirements of detection with
respect to the real-world scenario of cleanliness determination in shared vehicles. A
proposed approach to achieve this goal is to build upon the EfficientDet architecture
proposed in [17]. In the process, we can overcome the limitations of the current research
with respect to previously highlighted factors mainly with respect to the generalization
and adaptability of the system for a wider scope of leftover items.
5. Conclusions
Our research commenced with the goal of establishing the viability of utilizing an
autonomous monitoring and classification system based on computer vision for detecting
various types of trash as well as valuables (both categories of which correspond to items
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left behind by passengers) in the rear seating area of a shared car. Subsequently, a suitable
in-car camera unit was implemented and integrated to an existing power configuration (of
the research vehicle used in the current study) to capture the state of the seating area.
Although the implemented configuration did not correspond to a final solution, the
installation was recognized to be compact, affordable and effective for the purpose of capturing an image efficiently upon receiving the command. The communication setup proved
successful in transferring a captured image to a remote server in which the prediction
model was executed for classification. Future work will focus on a more modular camera
unit that will draw power from the 12 V line of the vehicle itself. The use of an infrared (IR)
camera will also be experimented to perform detections when there is a lack of daylight
and illumination, thereby, eliminating the use of an extra LED light.
To classify an image into one of the three distinct classes in the scope of the current
study, two algorithmic models were investigated. The primary algorithm was a fine-tuned
VGG16 CNN model, which achieved an accuracy of 91.43% on a pre-compiled batch of test
images. A set of distinct error sources in the classification outcomes were observed and
elaborated. These included errors due to certain forms of shadows, unsuitable levels of
ambient light, a lack of item contrast with the neighbouring background and the position
of the driver seat.
Background subtraction was used as a comparative algorithmic approach; however,
in the current study, the application of this method failed as a result of not being able to
form a background model. The cause for not being able to generate an applicable estimate
of the background was identified to be the presence of high nominal variation (as a result
of the varying front seat positions and shadows) present in the empty images.
The applicability of using computer vision to classify trash as well as valuables within
the cabin of a shared vehicle was observed to function successfully for a single model
of a vehicle. Specifics with respect to the distinct patterns of incorrect classifications, the
reasoning behind the reduction in accuracy for the classified images and potential methods
by which optimization could be performed to address the misclassifications in future
studies were provided. To address the current difficulties and prepare the system for
real-world use, advanced algorithm development will be conducted with respect to the
prediction model. The final aim is to develop a system capable of providing a cleanliness
level for different types of vehicle models on a predetermined scale with suitable alerts.
Moreover, we aim to expand the dataset of images by obtaining images from actual
shared vehicles in operation in order to improve the generalizability of the model (as
this was not possible in the current research due to practical difficulties pertaining to the
pandemic situation). The current definition of interior cleanliness will also be expanded
by integrating other detection criteria, such as dirt, spills, stains and odour, using suitable
sensor fusion techniques. Furthermore, a modular camera unit with an inbuilt flash feature,
which could be effortlessly installed, will be developed to enable the capability of capturing
a larger area of the car interior (including the front seats) as well as to obtain images from a
shared vehicle in real-time operation.
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