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Abstract—Parking is a growing problem in urbanizing Nepali
cities, where many parking lots still rely on manual occupancy
recording, vehicle logging, and cash transactions. Although
past IoT applications have looked into parking systems, Nepali
ANPR, reservation management, and automatic parking pay-
ments have been investigated separately in earlier research,
there are very few cases where all these aspects are combined
together along with environmental hazard detection into a single,
low-cost physical model.This paper presents a connected IoT-
based smart parking system using ESP32/Arduino sensors and
actuators, a React.js dashboard backed by Firebase RTDB, and
a tiered Nepali ANPR pipeline. Plate localization and character
detection are performed using YOLOv8s, a fine-tuned 34-class
CNN, and geometrical reconstruction to assemble individually
detected characters into a full plate string. The object detection
framework had 95.44% mAP@0.50 (97.92% & 93.09% for Recall
and precision, respectively) after held-out tests on a dataset
containing 867 images. Overall, the ANPR Pipeline had a
whole-plate detection accuracy of 53.73% on raw 67 entry/exit
pictures without cropping (36/67; 95% CI: 41.9-65.1%), using
fuzzy whole-plate character matching with an 80% threshold.
In view of the small number of end-to-end test data, this finding
should be seen more as an initial performance estimate than as
a statistically reliable indication of deployment-based accuracy
for ANPR. The occupancy detection component performed at
97.14% accuracy from 70 test samples manually inspected, while
the reservation, transaction log maintenance, and hazard detec-
tion capabilities were also demonstrated on the real-world system
without quantitative evaluation. These outcomes demonstrate the
feasibility of combining localized ANPR technology with low-cost,
IoT-enabled parking infrastructure in Nepal, although large-scale
implementation should await further end-to-end evaluation and
field trials.

Keywords —smart parking, Internet of Things, automatic
number plate recognition, Nepali license plates, YOLOv8s, CNN

I. INTRODUCTION
In urban centers of Nepal, vehicle proliferation has outstripped
the development of formal parking infrastructure, resulting in

on-street parking and inefficient space utilization. Many of
today’s parking facilities still use manual logbooks, attendant
monitoring, and cash payment methods. This prevents real-
time slot availability monitoring, data integrity maintenance,
and revenue tracking.

The addition of an element of safety with enclosed and
underground parking, to detect possible smoke/fire/gas build-
ups without constant human surveillance, will further elevate
functionality. Existing ANPR systems, on the other hand, fail
to generalize well to the unique layouts and scripts on Nepali
license plates [11]. This work proposes a system that combines
real-time occupancy monitoring with booking, Nepali-specific
ANPR, logging of transactions, and hazard sensing in a single
IoT device.

The majority of existing literature on IoT parking focuses
on resource management and allocation along with reservation
on a network of sensors [1, 2], while higher-level reviews
of sensing, communication, and cloud infrastructure for IoT
parking are available [3, 4, 13]. Some recent implementa-
tions of IoT-enabled parking integrate occupancy sensors with
ANPR systems for logging entries and automating parking fee
collection [30], some of them incorporating IR sensors along
with OCR-based plate recognition for tariff calculation [31],
where accuracy has been reported. However, neither of them
addresses a specific regional character set or offers a combined
solution that integrates hazard detection.

Traditional ALPR pipelines divide identification into local-
ization and recognition modules, as discussed extensively in
existing reviews [5, 24]. Recent works employing the family of
YOLO object detectors have demonstrated significant improve-
ments in localization [6, 7, 19, 26], and layered localization-
segmentation-recognition pipelines are widely effective for
ANPR tasks [8, 9, 10]. Regarding Nepali plates, early work
[11] employed an SVM classifier for plate recognition, and
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Khadka et al. [12] used YOLOv3 alongside a 34-class CNN
architecture for character recognition in Nepali.

Instead of introducing new architectures for detection and
recognition, this paper adapts and combines them in a low-
cost prototype that incorporates reservation-aware sensing,
transaction logging, and hazard sensing. It should be noted
that this is a prototype-scale study for feasibility validation
and not an end-user production system.

Specifically, the prototype integrates real-time slot moni-
toring and reservations using ESP32/Arduino, IR/ultrasonic
sensors, and a Firebase/React web application, along with
a Nepali ANPR pipeline that uses YOLOv8s for plate and
character detection and a fine-tuned 34-class CNN for char-
acter recognition coupled with geometric ordering. Integrated
smoke/flame/gas detection is also provided and displayed on
a shared dashboard. This paper’s contributions are:
• A synchronized workflow combining reservation-aware oc-

cupancy sensing, Nepali ANPR, transaction logging, and
hazard monitoring with real-time feedback to Firebase is
demonstrated on a physical prototype. Both the ANPR
pipeline and occupancy sensing are rigorously evaluated
quantitatively.

• The challenge of recognizing Nepali license plates with
multi-line formatting has been addressed through plate lo-
calization, character detection, a fine-tuned 34-class CNN
recognizer, and geometric ordering; these are adapted from
previous methods [11, 12], representing improvements on
an existing framework rather than novel architectural con-
tributions.

• Physical validation with a prototype comprised of four
parking bays has been performed. Unlike most reviews,
which are primarily qualitative or focus on limited func-
tional subsets (e.g., isolated occupancy sensing, complete
ANPR), this study provides a comprehensive evaluation
of subsystems and the end-to-end ANPR system (using
mAP@0.50, Levenshtein distance, exact-plate accuracy) as
well as occupancy detection accuracy. Additionally, the
reservation, transaction logging, and hazard-alert function-
alities are demonstrated.

II. SYSTEM DESIGN AND ARCHITECTURE

The system combines occupancy sensing using IoT sensors
with computer-vision-based image analysis, vehicle identi-
fication, cloud synchronization, and environmental hazard
monitoring. The data paths between the system components
are shown in Figure 1.

The Nepali ANPR engine is responsible for plate/character
recognition, localization and character classification based on
CNN, rather than general-purpose OCR (see Section III-B).

IR and ultrasonic channels are installed in the sensing layer
to monitor parking bays while the cameras located at entry
and exit points record images of vehicles, and environmental
sensors detect hazardous signs and signals. The Arduino and
ESP32 microcontroller nodes receive and send sensor data to
the Firebase Realtime Database wirelessly over the internet

[15, 16]. Hazard nodes are additionally connected to SMS
alerts using a SIM800L GSM module [17].

The detected entry and exit frames are then sent to the
ANPR module, where the first step is to localize the license
plate and correct its geometry. Then the license plate image
is segmented character by character, followed by classification
of those characters using the fine-tuned CNN. After that, the
recognized characters are ordered based on their geometric
order to create the entire license plate string. This generated
plate string and its timestamp are stored in Firebase.

States of occupancy are stored along with the
cloud/application layer, vehicle logs, hazard events, fare
records, and reservation records. A React web dashboard
displays real-time parking availability from Firebase, notifies
users of reservations, and controls parking functions. The
actual model used in the experiment is a physical prototype.
The prototype for system-level testing is shown in Fig. 2.

Figure 1: System architecture of the proposed prototype.

The prototype demonstrated in Figure 2 has instrumented
parking bays, environmental sensing, and local display units.

III. METHODOLOGICAL FRAMEWORK

A. Occupancy Sensing and Reservation
The prototype uses IR and ultrasonic sensing channels for
parking bays. The channel per bay (in use) is determined
by the testbed location [22]. Let S(t) ∈ {0, 1} denote a
bay’s sensor. At any given time t, the output S(t) is 1
if a vehicle is detected. This occupancy state O(t) serves
directly as S(t) and is synchronized with Firebase and the
dashboard. Reserving a slot from the web app changes the
state from ”Available” to ”Reserved”. The number of pending
reservations is scanned every five minutes, and each one is
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Figure 2: Physical prototype of the system.

given a two-minute confirmation delay before reverting to
“Available.”

B. Nepali ANPR and Fare Calculation
The ANPR method is a multi-stage recognition pipeline. Fig. 3
shows the sequence used consistently throughout this work.

Figure 3: Multi-stage Nepali ANPR pipeline.

The YOLOv8s-based plate detector is used to scan the
entire frame with a confidence threshold of 0.30. If more
than one plate candidate is detected, the box that has the
highest level of confidence is maintained. The box selected
is cropped from the image with a boundary extended by
3% to decrease edge-character clipping, gray-level conversion,

smoothing and thresholding, and contour-based perspective
or rotated-rectangle correction are applied to tilted plates.
The two operating values used here are the 0.30 detection
threshold and the 0.40 character-localization threshold. These
parameters were selected through preliminary trial-and-error
experiments rather than through a systematic parameter sweep.
This restriction is explored in more detail in Section IV-E.

The second YOLOv8s model, used to crop regions, localizes
individual characters on the cropped region. The confidence
threshold for each character box is 0.40, below threshold box
gets rejected. The boxes that survived are clustered together
vertically by the centroid and then ordered horizontally from
left to right and fit a multi-line plate formats.

Finally, the recognized character is converted to grayscale,
rescaled to 32x32 pixels, and input into a PyTorch CNN
(the parameters are specified in Table I), trained on a loss
function using the AdamW optimizer [33], and utilizing pre-
viously established deep learning and Devanagari character
recognition pipelines [20, 21, 25]. The classified characters
are then placed geometrically according to their local position
to form the final plate string. Errors may occur at multiple
stages (plate/character detection, recognition, classification,
ordering), and errors were not assigned to stages in the
original experiment log. Therefore, we conducted two types of
evaluations: plate detector evaluation on 867 images unseen by
the plate detector (see Section IV-A) and end-to-end evaluation
on the 67 raw images used for evaluation in the end-to-end test
set (see Section IV-C).

Table I: CNN Training and Inference Configuration

Parameter Configuration
CNN input 32× 32× 1 grayscale image
Convolution block 1 32 filters + max pooling
Convolution block 2 64 filters + max pooling
Convolution block 3 128 filters + max pooling
Fully connected layer 512 units
Dropout 0.5
CNN output classes 34
Optimizer AdamW, lr = 0.001
Training loss CrossEntropyLoss
Training epochs (fine-tuning) 2
Batch size 32
Held-out character-split test
accuracy

97.41%

Character-localization threshold 0.40
Plate-detection threshold 0.30
Plate-crop padding 3%

1) Character-Recognition Model and the 34-Class Label Set
Prior to proceeding with fine-tuning a classifier, it seemed
appropriate to first benchmark existing generic OCR engines
to determine how successful they were when applied in the
simplest way. We tried both PaddleOCR [28] and Tesseract
[29] in small experiments where these engines were pre-
sented with cropped, individual character images extracted
from Devanagari plates; in both cases, performance degraded
substantially because they had not been trained with small,
stylized character shapes such as those on Nepali plates. The
character recognition step therefore utilizes a CNN and an
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initial set of trained weights provided with the open-source
TRaiFIC Nepali ANPR project [27], although they are then
fine-tuned on our own labeled character dataset.

However, because we started from externally pre-trained
rather than from scratch, a relatively small number of epochs
(Table 1) are necessary for the network to reach over 97.4%
character classification accuracy on a held-out per-character
text split.

However, this indicates that it is other parts of the pipeline,
such as plate and individual character localization (e.g., order
extraction or translation errors) and the domain shift between
the classifier’s training images and the data encountered on
a specific plate, that are contributing significantly to errors
within the system, and no attempt was made to precisely assign
the loss value across each of the stages within our system due
to the very small end-to-end validation/test set. Since we do
not train our character classifier from scratch and because it
uses pre-trained models generated by another entity, overlap
between the TRaiFIC original dataset and our test set has not
been investigated (or audited). This is noted as a limitation in
Section IV-E rather than assumed to be absent.

Table II lists the 34 character classes. Rather than de-
composing each glyph into a base consonant plus separate
vowel-diacritic (mātrā) classes, as a phoneme-level Devanagari
OCR system would, this classifier treats each visually distinct
glyph cluster – plain consonants (e.g., क, ब, म), consonant–
vowel or consonant–consonant conjuncts (e.g., को, प्र, बा, मे),
and the ten Devanagari digits – as a single class, matching
the granularity at which the character-localization YOLOv8s
model already emits bounding boxes. The label set covers
only the clusters and digits observed in the training corpus;
any cluster absent from it would require retraining to support.

Table II: Character Label Set

Class type Labels

Consonant / conjunct clusters (24) क, को, ख, ग, च, ज, झ, ञ, िड, त, ना,
प, प्र, ब, बा, भे, म, मे, य, लु, सी, सु,
से, ह

Digits (10) ०, १, २, ३, ४, ५, ६, ७, ८, ९
34 character classes total.

Algorithm 1 summarizes recognition and transaction log-
ging.

Let entry and exit timestamps be expressed in seconds.
Parking duration in minutes is

∆t =
tout − tin

60
. (1)

For base rate rb, billing interval m, and incremental rate ri,
the fare is

F =


rb, ∆t ≤ m,

rb + ri

⌈
∆t−m

m

⌉
, ∆t > m.

(2)

C. Evaluation Measures
We report the standard object detection metrics for the plate
detector-precision, recall, and mAP at IoU thresholds 0.50

Algorithm 1 ANPR and Fare Logging with Fuzzy Plate
Matching
Require: Camera frame I , gate type g ∈ {entry, exit}
Ensure: Recognized plate string and transaction record

1: B ← PlateYOLO(I)
2: if B = ∅ then
3: return NOPLATEDETECTED
4: end if
5: P ← CropAndCorrect(I,B)
6: C ← CharacterYOLO(P )
7: Ŝ ← ClassifyAndOrder(C)
8: if g = entry then
9: tin ← CurrentTimestampSeconds()

10: Firebase.Insert(Ŝ, tin)
11: else
12: R← Firebase.GetActiveRecords()
13: M ← ExactMatch(Ŝ, R)
14: if M = ∅ then
15: M ← FuzzyMatch(Ŝ, R)
16: if M = ∅ or Similarity(Ŝ,M.S) < 0.80 then
17: return MANUALVERIFICATIONREQUIRED
18: end if
19: end if
20: tin ←M.tin
21: tout ← CurrentTimestampSeconds()
22: ∆t← (tout − tin)/60
23: F ← FareCalculation(∆t)
24: Firebase.Update(M, tout, F )
25: end if
26: return Ŝ

and 0.50:0.95-computed in the standard way [6, 26]. mAP
is reported only for the plate-localization detector, and it is
evaluated in isolation on the 867-image held-out set described
in Section III-E. We evaluate the entire pipeline – plate
detection, character localization, classification, and geometric
ordering, run end-to-end on raw images – using the following
sequence-based metrics, computed on the 67-image end-to-end
test set described in Section III-E. For a ground truth string Si
and predicted string Ŝi, the per-image normalized Levenshtein
similarity (NLS) is

NLSi = 1− EditDist(Si, Ŝi)

max(|Si|, |Ŝi|)
. (3)

This NLS is a normalized edit-similarity score rather than
a standard classification accuracy, and is referred to by the
abbreviation NLS throughout this paper. The mean NLS
reported in Section IV-B is the mean of NLSi over the 67 end-
to-end test images. Because it is calculated over raw images
through the complete system (including plate detection), it is
a true end-to-end metric, not just a sub-component metric.

The similarity function Similarity(·, ·) invoked during fuzzy
plate matching in Algorithm 1 is precisely the normalized
Levenshtein similarity of Eq. (3), i.e. Similarity(Ŝ,M.S) =
NLS(Ŝ,M.S).
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Apart from being used as an end-to-end evaluation metric,
normalized Levenshtein similarity is also used in the opera-
tional process of plate matching for entry–exit transactions.
In case a prediction does not provide an exact match between
the exit and an existing entry record,the predicted plate string
is matched with all the stored plates of active records using
normalized Levenshtein similarity (Algorithm 1, lines 12–
15). The most similar record among the active ones is
chosen as the matching candidate. Based on experimental
threshold analysis, a value of 0.80 is adopted as the acceptance
level for the fuzzy match (Algorithm 1, line 13). If the
highest similarity falls below 0.80, the transaction is not linked
automatically and is instead flagged for manual verification
(MANUALVERIFICATIONREQUIRED, Algorithm 1, line 14).

Per-image precision and recall were derived from the Lev-
enshtein alignment between Si and Ŝi (matched characters out
of the predicted length and ground-truth length, respectively);
these are nonstandard sequence alignment metrics that are
reported here for thoroughness rather than being presented as
exact-match accuracy, and should not be interpreted as CER.
CER is not reported because the per-image Levenshtein edit
counts required for CER were not captured when running the
67-image end-to-end experiment (see Section IV-E). The mean
precision, recall, and F1 score were obtained by averaging the
respective per-image metrics across the 67 images (treating
each image equally). Conversely, the micro-averaged values
represent results computed by summing counts for all images
prior to calculating ratios, i.e., (sum of matched charac-
ters)/(sum of predicted characters). They do not have to be the
same, and this paper shows both Per-image precision, recall,
and F1 were also calculated for the character-localization
detector alone and for the classification CNN alone – similar
to the sub-component precision, recall, and mAP presented
for the plate detector in Table IV – but this data is no longer
available from the experiment log and is thus not presented
here (see Section IV-E).
D. Environmental Hazard Monitoring
The flame and MQ-series smoke/gas sensors plug into a
second microcontroller node. When a defined hazard threshold
is triggered, the node updates the dashboard and can send an
SMS alert via the SIM800L GSM module.The hazard subsys-
tem was implemented using MQ-series sensors and threshold-
based triggering; however, the exact sensor models, calibration
procedure, sensing interval, and threshold values were not
retained in the experimental documentation. This subsystem
has been functionally demonstrated, not numerically measured:
no claims are made regarding accuracy of detection or time
taken to transmit alerts.
E. Dataset and Experimental Configuration
The plate detection stage was trained in Google Colab using
NVIDIA T4 hardware on 8,078 images collected for the
“Config Number Plate Detection” dataset [14], subdivided into
5,999 training, 1,212 validation, and 867 test images. The 867-
image test portion was retained for evaluating performance in
Section IV-A and was not used during training or validation.

For annotation, each image was labeled with an axis-aligned
bounding box enclosing the number plate, represented in
YOLO format. The training configuration is summarized in
Table III, including the use of the AdamW optimizer [33].

The number plate character segmentation model, a
YOLOv8s-based model, was trained separately using the
“Nepali Vehicles Number Plate Dataset” [18], which contains
2,503 cropped images of Nepali vehicle number plates. Here,
all the data are used for training, and specific training, vali-
dation, and test counts for this stage were not recorded in the
available project logs. Therefore, these quantities are treated
as undocumented and would need to be re-established through
dataset re-processing or controlled testing before this compo-
nent can be evaluated reliably, as discussed in Section IV-E.

Because an independent test split was not retained for
the character-localization model, no quantitative performance
claim is made for this component.

The end-to-end evaluation of the complete ANPR pipeline
was conducted on a separate set of 67 unprocessed, ground-
truth-annotated entry/exit images, as described in Sec-
tion IV-B. Unlike the 867-image test set used for the plate
detector, these images were neither cropped nor pre-localized.
Each image was processed through the complete pipeline, from
vehicle number plate detection through character extraction
and classification to geometric character ordering, using the
same procedure intended for deployment on the physical
prototype.

This 67-image dataset is entirely separate from both the
plate detection dataset of 8,078 images and the character
segmentation training dataset of 2,503 images. It was the
only dataset used for the detailed end-to-end evaluation of the
complete pipeline. The source of these images, the number
of distinct vehicles or number plates represented, the time
of image acquisition, camera type and resolution, capture
distance and viewing angles, and annotation procedure are not
fully documented at present. These limitations are discussed in
Section IV-E. Consequently, the relatively small sample size
of 67 images should be interpreted as providing preliminary
performance estimates rather than a statistically representative
evaluation of deployed-system accuracy.

The occupancy-management subsystem was tested manually
at 70 parking locations with visually verified availability. In
addition, 100 transactions were conducted to validate system
synchronization and reservation logging. Parameters such
as booking approval rate, gate closure response time, fare-
calculation accuracy, reservation synchronization delay, and
per-transaction ANPR inference time were not measured dur-
ing these tests. The subsystem was nevertheless observed
to function correctly for the tested scenarios, with these
unmeasured performance parameters identified as limitations
in Section IV-E.

IV. RESULTS AND DISCUSSION
A. License-Plate Detection Performance
The confusion matrix visualizes the correlation between the
Ground-truth annotation and the detector predictions, namely:
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Table III: Plate-Detector Training Configuration

Hyperparameter Value
Backbone YOLOv8s
Input resolution 640× 640
Dataset size (train/val/test) 5,999 / 1,212 / 867
Batch size 4
Epochs (patience) 150 (30)
Optimizer AdamW
Momentum 0.937
Initial learning rate 0.001
Final LR factor 0.01
Weight decay 0.0005
Warm-up epochs 3.0
NMS IoU threshold 0.7
Box/Cls/DFL loss gain 7.5/0.5/1.5
Augmentation Mosaic, HSV jitter, rotation,

translation, scale, erasing
Random seed 42
Training hardware NVIDIA T4 (Google Colab)

YOLOv8s backbone.

true positives (correctly detected license plates), false positives
(incorrect detections), and false negatives (missed license
plates). Using these measures, precision, recall, and F1 -
score of the detector can be computed. However, similar to
standard classification tasks, for object-detection tasks, there
are no well-defined true negatives because the set of non-object
regions in an image is not enumeratively given.

Thus, one should not consider the cell located at the bottom-
right corner of similar visualizations to represent a standard
true-negative count.

Therefore, this Figure represents mainly how the predicted
and ground-truth classes are related (but again: be careful
about the bottom-right corner cell). Fig 4 shows the confusion-
matrix visualization on the hold-out set of 867 images intro-
duced in Section III-E after training the number plate detection
model on the training set.

Figure 4: Confusion matrix for license plate localization.

The matrix was evaluated on the 867-image test set.
From Figure 4, the detector achieved a precision value of

849 / (849 + 63) = 93.09% and a recall value of 849 / (849 +
18) = 97.92% yielding an F1-score of 95.45%. It is observed

that the detector missed a relatively low number of ground
truths, while some amount of false positives were detected in
some non-plate regions. The mAP@0.50 and mAP@0.50:0.95
were derived from applying the trained YOLOv8s model on
the same hold-out 867-image test set.

Since this test set was not involved in training/validating
the models, it doesn’t have to match the precision and recall
calculations from the confusion matrix arithmetically.

Additionally, the mAP@0.50:0.95 is lower than mAP@0.50
since this calculation averages all IoU values from 0.5 to 0.95
instead of only 0.5.

Table IV: License-Plate Localization Performance

Metric Value
mAP@0.50 95.44%
mAP@0.50:0.95 80.07%
Precision 93.09%
Recall 97.92%
F1-score 95.45%

YOLOv8s-based detector, evaluated on the 867-image test set.

Figure 5: Epoch vs. loss for the YOLOv8s localizer.

B. End-to-End ANPR Performance

Table V: End-to-End ANPR Performance

Metric Value

Exact whole-plate accuracy (36/67) 53.73%
95% Wilson CI 41.9%–65.1%

Mean NLS (normalized Levenshtein similarity) 91.48%
Mean precision (Levenshtein-based) 91.73%
Mean recall (Levenshtein-based) 93.88%
Mean F1 (Levenshtein-based) 92.69%
Micro precision 88.39%
Micro recall 90.00%
Micro F1 89.19%

Evaluated on 67 end-to-end test images. Exact whole-plate accuracy is the
primary performance measure; NLS- and Levenshtein-based metrics provide

partial-credit measures of prediction similarity and are not directly
comparable to detector mAP. Inference throughput was not measured

(Section IV-E).

The full pipeline-which consisted of the plate detector, char-
acter localization, CNN, and geometric ordering-was evaluated
end-to-end on the independent 67 raw test images in Sec.
III-E. These 67 images are distinct from the 867 images used
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in Sec. IV-A when the plate detector itself was evaluated inde-
pendently, and they were processed directly without the use of
any human correction to the detection/localization steps before
processing them, meaning the final metrics should capture the
end-to-end pipeline’s errors at each of the steps. The overall
end-to-end performance of our full pipeline resulted in an exact
whole-plate accuracy of 53.73% or 36 out of 67 images (95%
Wilson CI: 41.9%–65.1%).

Our end-to-end precision, recall, F1-score, and Levenshtein
similarity can be found in Table V.

The whole-plate accuracy metric is the central ANPR end-
to-end metric of interest, whereas the Levenshtein metrics
provide some credit for estimates that are somewhat but
not completely accurate (these metrics are not identical to
traditional mAP for detectors and should not be compared
to exact match accuracy). Based on our relatively small
end-to-end test set, we should be particularly cautious when
interpreting this number and intend to evaluate on larger,
unbiased data in the near future, as, for example, one incorrect
item out of 67 affects the accuracy by nearly 1.5 points. It is
not possible to report the specific precision, recall, or F1 scores
on any specific stage, as the metrics are aggregated across
the entire end-to-end pipeline; our held-out per-character test
classification accuracy, for example, was 97.41%, which could
explain why errors in class prediction or recognition alone do
not entirely make up for our end-to-end error.

The mean NLS and mean Levenshtein-based recall were
calculated as:

Mean NLS =
1

N

N∑
i=1

NLSi (4)

Mean Recall =
1

N

N∑
i=1

Ri (5)

where N = 67 denotes the total number of raw images in
the end-to-end test set, NLSi is the normalized Levenshtein
similarity for the i-th image, and Ri is the Levenshtein-based
recall for the i-th test sample. The corresponding micro-
averaged precision, recall, and F1-score are computed by
pooling the matched, predicted, and ground-truth character
counts across all 67 images before calculating a single ratio,
rather than averaging the 67 per-image ratios. Thus, the
macro- and micro-averaged measures are not identical and pro-
vide complementary information about end-to-end recognition
performance.

Displays normalized ground-truth and predicted Nepali
license-plate strings and their exact-match results.

We can observe that since the exact match result is only
53.73% and the average NLS is 91.48%, some errors are only
partial character insertions, deletions, or substitutions of a few
characters. Levenshtein-based similarity measure is useful for
estimating the severity of partial matches, whereas an exact
match accuracy score tells how long the whole plate was
correctly identified[32]. This distinction is important in a
deployed parking system: a near-miss prediction could cause
a transaction to be linked to the wrong vehicle record, for

Figure 6: Representative end-to-end ANPR test cases showing
ground-truth and predicted Nepali license-plate strings and their
exact-match outcomes.

example matching plate ‘x’ to a stored record for a different
vehicle ‘y’ instead of the correct record. The NLS values
obtained across varying similarity scores are therefore used to
find a threshold value suitable for fuzzy matching of entry and
exit reads (see Fig. 7 below).

Figure 7: Corrected fuzzy matching results for sample number plates,
comparing actual and predicted normalized values with threshold
value 0.80.

This idea of distinguishing perfect accuracy from normal-
ized Levenshtein similarity underlies the fuzzy approach of
comparing the entry and exit reads. Though an extra/incorrect
character inserted in the input could be the reason why a
perfect database search failed, this match with a few character
differences could be the actual corresponding entry/exit for the
actual active vehicle. A perfect database search is thus tried
out, and only if it does not produce any results will normalized
Levenshtein similarity be tried and used for comparisons.
Using a threshold value established through experimental
evaluation of different similarity threshold values, summarized
in Figure7, we use a match threshold of 0.80; any similarity
score below this threshold is not automatically accepted as a
valid match.

The ANPR subsystem saves recognized vehicle plate strings
along with entry and exit timestamps and related fare records
in the database. These records can be seen as vehicle usage
information, which brings up privacy concerns when the
system is used in real-world settings. If someone gains access
to these records, they could find out about vehicle movements
and parking behavior. That is why a production version
must use authentication and access controls. It must also
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protect data both when it is stored and when it is sent over
networks. A clear data-retention policy should be in place
to say how long plate numbers, timestamps, and transaction
records are kept, based on what’s needed for operations and
billing. Once records are no longer needed, they should be
securely deleted or made anonymous. The current prototype is
focused on testing the system’s functions and does not include
a formal privacy policy or data-retention plan. Therefore, these
measures are considered requirements for when the system is
deployed in the future.

C. Parking-Slot Occupancy Detection Performance
The parking testbed was tested with a corpus of 70 manually
annotated parking instances. There were 68 correct results,
for a final accuracy of 97.14% (95% Wilson score interval
around 90.2%–99.2%). The confusion matrix can be observed
in Table VI. The wide confidence interval is likely a result of
the small number of test instances and should be taken into
account when comparing results.

Table VI: Parking-Slot Detection Results

Pred. Occupied Pred. Empty
Actual Occupied 34 1
Actual Empty 1 34

Based on 70 manually verified test cases.

The confusion matrix is symmetric, with one false-empty
case and one false-occupied case out of 70, giving an accuracy
of 68/70 = 97.14%.

D. Reservation, Synchronization, Fare Logging, and Hazards
While utilizing the reservation and fare logging workflows, the
prototype successfully synchronized occupancy and transac-
tion information between Firebase and the dashboard through
more than one hundred transactions, with no apparent data loss
detected during each process trial. We accordingly state that
this functionality is functionally demonstrated, not validated:
reservation and gate success rates, fare-calculation accuracy,
synchronization latency, and trial ANPR durations were not
measured, and do not persist in the logs that we retained
(Section IV-E). Similarly, the smoke/flame/gas subsystem
is presented only as functionally integrated, not as a tested
quantitative sensor device.

E. Limitations
Data availability: Train/validation/test counts and training
logs for the character localization stage were not stored, nor
were reservation success, gate response latency, fare calcu-
lation accuracy, ANPR latency, and synchronization latency.
No values are filled in for these absences; experiments should
use a standard, documented logging method.

Recognition Accuracy: Our evaluation in §IV-B is end-to-
end on raw image data, so results account for plate localization
errors. Nevertheless, the testing set of 67 images is modest,
and a single additional correct or incorrect prediction changes
the accuracy by approximately 1.5 percentage points of accu-
racy for both measures reported below. So, these should be
taken as indicative.

Our results may not reflect performance with dirty, bent,
embossed, or occluded plates, and under extreme lighting
(either low or backlit). No 34-character-class confusion matrix
was retained or per-stage results cataloged, so we are not
in a position to diagnose specific character confusion. The
character classifier was based on fine-tuning external TRaiFIC
weights [27]. We did not audit the extent to which its
training/tuning data overlapped with the 67 images used for
testing.

Although the 0.80 similarity threshold was selected exper-
imentally for approximate entry–exit matching, it should be
further validated on a larger set of independent entry–exit
vehicle pairs to quantify false-match and missed-match rates.

Scope and hyperparameters for Deployment: The occu-
pancy subsystem only uses a 4-bay model, connected via Wi-
Fi, and not multi-floor or other forms of broader deployment.
Neither the hazard’s detection sensitivity, false positive rates,
nor alertness latency were evaluated. The exact models of the
MQ sensor, calibration steps, as well as threshold decisions,
are still unspecified.

The thresholds of 0.30 for plate detection, 0.40 for char
locator, and 3% crop were also chosen by hand-tuned exper-
imentation rather than by exhaustively logging results from
testing different possible threshold combinations.

ANPR latencies per trial and details on the deployment
hardware were not recorded in any logging system. Plate
strings, vehicle timestamp logs, and logs of their fare could be
used as vehicle usage records; however, security such as at-
rest encryption and data retention/access policies should first
be considered.
F. Future Work
Our future work includes expanding the character-recognition
dataset, such as by using plates from more locations that
are more varied in terms of degree of degradation and time
of day (including nighttime). For end-to-end evaluation, we
should scale up beyond the 67-image test set using a larger,
independently sampled dataset, which should be subjected
to a stage-wise analysis of errors of individual stages (plate
detection and character detection/recognition/ordering) along
with a confusion matrix for all 34 character classes. Finally,
we should test stage-wise effects of detection/localization
thresholds and crop-padding ratios on the end-to-end system
via ablation studies.

For the complete system, a larger multi-floor pilot run is
needed to gauge network dependability, reservation success
rates, gate opening delays, synchronization issues, fare logging
performance, and hazard alerting performance over a fixed test
plan.

Additionally, recover and explicitly document the lost train-
ing/validation/test split for the character-localization algorithm
and estimate the basic inference latency of the character-
localization algorithm, as discussed in Sec. IV-E.

V. CONCLUSION
This paper presented a smart parking prototype that included
parking space detection and booking, a YOLOv8s-based detec-
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tion pipeline and CNN-based character recognition for Nepali
automatic number plate recognition (ANPR), logging of entry
and exit, logging of fare, and finally environmental hazard
detection using a Firebase-based system. Instead of developing
an entirely new detection or recognition framework, this sys-
tem applies adapted ANPR methods in Nepali [11, 12] on low-
cost IoT devices with a comprehensive parking-management
platform.

There are three key findings from our evaluations. First,
the four subsystem components have been integrated and
work correctly with low-cost technology (e.g., ESP32/Arduino
devices, Firebase, and React dashboard).

Second, the plate detector performance had 95.44%
mAP@0.50 and 95.45% F1-Score on an independent test of
867 images.

However, for performance relevant for an operational sys-
tem, end-to-end evaluation on 67 raw images gave an exact
match whole-plate accuracy of only 53.73% (36/67; 95% CI:
41.9% - 65.1%); although for NLS it was still 91.48%. This
exact match is therefore the relevant indicator of operational
ANPR accuracy and should be considered preliminary given
the small test size. Thirdly, the occupancy detection com-
ponent can be seen to identify 68 of 70 manually validated
images (accuracy 97.14%). The reservation, transaction, and
hazard logging subsystems worked as prototype functionality
but were not measured for success rate, latency, and accuracy.

To improve transaction linkage when exact plate recognition
fails, the system additionally employs fuzzy plate matching
against active parking records using an experimentally selected
similarity threshold of 0.80, with low-confidence matches
referred for manual verification.

In essence, this paper has demonstrated the feasibility of a
Nepali smart parking solution combining occupancy detection,
ANPR, transaction logging, and hazard detection with low-cost
components in a single integrated prototype. The disparity
between plate-detector performance and the 53.73% end-to-
end exact-match rate indicates that the ANPR stage, apart
from plate detection, has issues, and individual error sources
contributing to this remain undetermined. Large, independent,
end-to-end and occupancy detection tests are needed before
deployment, with further benchmarks included for reserva-
tion success rate, gate control reliability, fare correctness,
synchronization speed between stages, and hazard-detection
efficacy. This highlights the contribution as application-
specific integration and testing, rather than algorithm design,
and contributes to closely related prior work [30, 31].
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