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Abstract—The objective for developing a real-time sign
language recognition system is twofold: improving interpersonal communication and supporting inclusive humancomputer interaction with hearing-impaired population using
a particular sign language. This study describes the design
and implementation of a system for real-time Macedonian
Sign Language recognition in images and videos. A robust
and lightweight model was proposed based on transfer
learning of suitable pretrained architectures, namely, Single
Shot Detector (SSD) MobileNetV2 and SSD MobileNetV2
FPNLite. The proposed models were fine-tuned and extensively evaluated in a number of diverse scenarios to account
for the inherent difficulties in recognizing particular letters.
In the absence of publicly available dataset, we have created a
dataset consisting of two-handed images of 28 out of 31 letters
of the Macedonian alphabet; the three letters expressed by
dynamic gestures were excluded from the study. The results
point out to a state-of-the-art prediction accuracy on the
classification task of Macedonian sign language alphabet.
Keywords—Macedonian sign language recognition, realtime recognition system, transfer learning, Single Shot Detector
(SSD), MobileNet

I. INTRODUCTION
We live in a time where diversity and inclusion are
at the forefront and it is only natural to be reflected in
language use. People with hearing loss may have distorted
speech or may not talk at all. Nevertheless, they can
still communicate in a number of ways, and intelligent
systems have the potential to significantly improve their
social inclusion by breaking down communication barriers
with other communities. A key challenge in designing
believable virtual assistants is endowing them with dialog
capabilities for understanding or support for sign languages. The lack of existing systems that utilize artificial
intelligence techniques to help hearing impaired people in
North Macedonia has been the driving force behind this
research. Also, it is aimed to inspire and raise awareness
among Macedonian citizens about the need for communication and social inclusion of this vulnerable population.
The exact number of Macedonian Sign Language users
is unknown, but 6,000 individuals have expressed interest
in having sign language interpreter on television [1].
Macedonian Sign Language is based on gestures and body
movements, particularly hand movements. The Macedonian language is phonetic, and its alphabet consists of
31 signs, which correspond to 31 sounds. Every letter
has its own symbol. The sign alphabet is divided into
two types: alphabet expressed with one hand and alphabet
expressed with two hands [2]. In our project the version
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of the sign alphabet that is expressed with two hands was
used to build real-time sign language recognition system.
The challenges for developing this kind of system ranges
from the image acquisition to the process of classification.
Since there is no information for earlier existing study
on this issue, data collection with images depicting the
Macedonian sign alphabet was not available online.
The advances in deep learning architectures provided
fruitful directions to be followed. Because of the highly
articulated nature of human hands, accurate and real-time
hand tracking is really challenging topic in the computer
vision field. Nowadays, transfer learning has been a stable approach for building well performing sign language
recognition systems. There has been a large body of work
on automatic recognition of American Sign Language
(ASL) using VGG [3] [4], Inception [5], MobileNet [6],
and other pre-trained models. Another important challenge
in this field is the wide disparity between sign languages
of different countries. That is why besides the studies
performed for ASL recognition, there are also many researches that employ transfer learning for sign language
recognition in a variety of nations, including Sweden [7],
India [8], Russia [9] and many others.
This paper discusses the development of a system for
recognizing Macedonian Sign Language in images and
videos in real time. A dataset consisting of two-handed
images of 28 of the 31 letters of the Macedonian alphabet
was constructed. The three letters conveyed by dynamic
gestures were eliminated from the research. Based on
transfer learning of relevant pretrained architectures, such
as Single Shot Detector (SSD) MobileNetV2 and SSD
MobileNetV2 FPNLite, a stable and efficient model has
been proposed. To account for the inherent problems in
detecting specific letters, the proposed models were finetuned and extensively tested in a variety of settings.
The following sections are organized as follows. Related
work is reviewed in Section 2. The methods are presented
in Section 3, including information about the data set
and the pre-trained models that were used for fine-tuning.
The results are reported in Section 4, followed by the
conclusions from this study in Section 5.
II. RELATED WORK
Object detection is a computer vision task that includes
two sub-tasks: localization and identification of an object.
Hand detection is currently playing an important role in
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the field of sign language recognition. Despite the fact
that many studies have been undertaken to enhance hand
detection models, this task still includes many challenges
in terms of computation time and detection accuracy [10].
In the past, traditional machine learning models have
been used for building sign language recognition systems
[11] [12]. In recent years, due to the effectiveness of
convolutional neural network (CNN) models for feature
extraction from visual inputs, CNN or a mix of CNN with
other deep-based models has been widely used for sign
language recognition [13]. Besides building a custom CNN
models, some of the most outstanding object detection
methods have been fine-tuned utilizing a transfer learning
approach in order to capitalize on their strengths in the
field of sign language recognition.
Region-based Convolutional Neural Network (R-CNN)
model is one of the noteworthy object detecting approaches [14]. In this approach, selective search [15] was
used to extract the regions from an image, which is a
slow operation that degrades the network performance.
To address the delay induced by the selective search
method, a Faster-RCNN method that uses Region Proposal
Network was proposed [16]. The Faster-RCNN model
has been fine-tuned and used for hand detection [17].
Another model, You Just Look Once (YOLO) [18], has
also been proposed for object detection, which uses only
one CNN to predict bounding boxes and class probabilities
for these boxes. YOLO divides the input image into grids
with a preset number of bounding boxes in each grid.
CNN is used to estimate the class probability of each
bounding box, and the detected object is positioned at the
bounding boxes with the highest-class probabilities. One
of the limitations of YOLO model lies in its disability to
detect small objects. To improve the detection accuracy
of YOLO, an object detection model called Single Shot
Multi-box Detector (SSD) [19] has been proposed. The
model uses feature maps from different layers on top of
the YOLO model which leads to performance gains.
One of the most frequently used object detection pretrained models is the MobileNet [20]. Solution for predicting American Sign Language using a MobileNetV2based transfer learning model was proposed in [6]. Their
model effectively generalized on a large dataset composed
of 87,000 images with 29 classes. Over 98 percent identification accuracy had been reported. MobileNet model
architecture has comparatively fewer parameters and less
costly computational operations compared to other deep
learning architectures.
The performance of multiple pretrained models for
identifying 5 classes of hand gestures, namely VGG16,
VGG19, ResNet, Xception, Inception V3, MobileNet and
SqueezeNet was presented in [21]. When using data augmentation techniques, the highest F1 score of 99.77% on
the task was obtained by using the Xception architecture,
followed by F1 score of 99.45% obtained by the MobileNet architecture.
MobileNet was chosen for its superior performance
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Figure 1: Example of two images from the data set
(Letter S (dz))

advantage on the task for a variety of sign languages. Intelligent system designed specifically to detect Indian Sign
Language (ISL) was proposed in [22]. Two pre-trained
CNN models, MobileNet and InceptionV3 architectures
have been compared.
A findings of the research conducted on automatic
recognition of 50 Arabic signs [23] are inline with the
results on recognizing American sign symbols [6], highlighting the fact that MobileNet has superior performance
when compared to others.
III. METHODS
A. Macedonian Sign Language
Every sign language contains different symbols and
letters. Sign language symbols are able to indicate all
sign parameters like hand shapes, movement, location, and
palm orientation. Sign language symbols are classified into
single handed and double handed, as well as static and
dynamic signs [24]. Sign language consists of manual and
non-manual elements [25]. In manual signs only hands are
used to express a symbol and in non-manual signs body
postures, mouth gestures and face expressions are used.
The Macedonian alphabet consists of 31 signs, which
correspond to 31 sounds. Out of the two types of Macedonian sign alphabets: alphabet expressed with one hand and
alphabet expressed with two hands [1], the one expressed
with two hands was utilized in our project. The majority
of the two-handed signs in the Macedonian sign alphabet
can be classified as static, i.e. suitable to be captured well
on images. Four of the signs are dynamic. Out of the four
signs that involve motion, namely letters Ѓ (gj), Ќ (kj),
J (j) and Ц (c), only the letter J (j) was included in our
research.
B. Dataset
There is no publicly available data collection of images
representing the Macedonian sign alphabet. The data set
used in this study was collected and labeled for the purpose
of this research. A total of 1120 images representing the
28 letters of Macedonian sign alphabet were captured by
laptop video camera, presented by the coauthors. Total of
40 images that represent each class were collected and
labeled. Sample images are presented in Fig. 1.
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Figure 2: Image obtained by performing augmentation

C. Data Augmentation
Training any system on a small dataset faces the problem of overfitting; and data augmentation is a popular
approach to mitigate the problem. There are many techniques for performing data augmentation on images. Some
of them are: geometric transformations, color space augmentations, kernel filters, mixing images, random erasing,
feature space augmentation, adversarial training, generative adversarial networks, neural style transfer, and metalearning [26]. When training a machine learning model,
data augmentation functions as a regularizer and helps to
minimize overfitting.
Sixteen augmented versions of each image from our
data set were made. In each image, horizontal flips,
random cuts, and contrast enhancement or reduction were
employed. Half of all photos were blurred using a slight
gaussian blur with a random sigma between 0 and 0.5.
Gaussian noise was also applied to the images. The noise
was sampled once per pixel in 50% of all photos. The noise
was sampled per pixel and channel in the other half of all
photos. In this way, the brightness as well as the color
of the image was changed. Affine transformations, such
as scale/zoom, translate/move, rotate, and shear, were also
applied to each image. By doing data augmentation, the
final dataset consisted of 17.920 images in total, namely
640 images per class. Data sample generated by adding
transformation is shown in Fig. 2.
D. MobileNetV2
MobileNets represent a class of efficient models suitable
to be used for mobile applications proposed by [27]. The
MobileNetV1 structure is formed of depth wise separable
convolutions, excluding the first layer, which is a complete
convolution. This model uses the Rectified Linear Unit
(ReLU) activation function which disregards any values
smaller than 0. MobileNetV2 is an improved version of
MobileNetV1. MobileNetV2 uses a narrow > wide >
narrow approach in its inverted residual block. The lowdimensional input is first expanded by using a pointwise
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1×1 convolution to produce a higher dimensional space
which can cater for the information loss caused by the
ReLU activation. Then, spatial filtering using depth wise
convolution with ReLU activation was implemented in this
higher dimensional feature map. Finally, another pointwise
convolution was performed to project back to a lower
dimensional output feature map. For the last step, linear
activation instead of ReLU was used to preserve more
information when encoding to a lower dimensional output
map. This idea was called linear bottleneck by the authors.
The non-linear transformation only happened in the internal expanded higher dimensional space inside the block.
For lower dimensional output, linear transformation was
used [20]. A skip connection similar to residual block is
added between the input and output of the inverted residual
block to allow gradient flow during backpropagation.
ReLU6 was used in this inverted residual block which
capped the maximum output to 6.
E. Single Shot Detection
The Google Research team created SSD, or single shot
detector, in 2016 to address the demand for models that
can operate in real-time on embedded devices without
significant trade-off in accuracy. SSD, or single shot object
detection, detects several items in an image with a single
shot. The SSD method is based on a feed-forward convolutional network, which generates a fixed-size collection
of bounding boxes and scores for the presence of object
class instances within those boxes. It is composed of two
parts: extract feature maps and use a convolution filter to
detect objects [19]. SSD is designed to be independent of
the base network, allowing it to run on top of any base
network, including VGG, YOLO, and MobileNet.
To further tackle the practical limitations of running
high-resource and power-consuming neural networks on
low-end devices in real-time applications, MobileNet was
integrated into the SSD framework. As a result, when
MobileNet is employed as the base network in the SSD,
it is referred to as MobileNet SSD.
F. Feature Pyramid Networks
A Feature Pyramid Network, or FPN, is a fully convolutional feature extractor that accepts a single-scale
image of any size as input and returns proportionally
sized feature maps at multiple layers. This procedure is
independent of the backbone convolutional architectures.
As a result, it serves as a general approach for constructing
feature pyramids within deep convolutional networks for
application in tasks like object detection. The pyramid is
built using both a bottom-up and a top-down approach
[28].
IV. RESULTS
A. Fine-tuning pretrained object detection models
Fine-tuning and comparison of two pretrained models
for object detection, namely SSD MobileNet V2 320x320
and SSD MobileNet V2 FPNLite 320x320 was made.
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These pre-trained models were chosen for their efficiency
and performance suitable for the task of real-time sign
detection. As a result, the models return boxes that enclose
the area where the detected object is located on the image.
The model also returns the class of the bounding box, as
well as the probability score for that prediction.
Out of all images from the data sets, 80% were used
for fine-tuning of the models, while the other 20% were
used for evaluation. Hyperparameter fine-tuning was also
made by performing grid search. It was concluded that the
following parameters were the most appropriate for both
models: batch size was set to 16, 3500 was the optimal
number of steps, and the learning rate was 0.025. Also, a
warmup learning rate for 100 steps which was set to 0.005
was used. The other parameters were not changed.

Figure 3: Confusion matrix from the evaluation of the
fine-tuned SSD MobileNetV2 model on the augmented
dataset

B. Evaluation of the fine-tuned object detection models
Two metrics were employed to evaluate the models:
intersection over union (IoU) and raw class prediction.
There were three scenarios for evaluating the models. With
the first simplest scenario, the evaluation was performed
for the object that was detected with highest probability.
The performance yielded by the models fine-tuned with
the original and the augmented dataset are represented in
Table 1.
It can be noticed that when the fine-tuning and evaluation of the models was performed with the non-augmented
dataset, the prediction accuracy with both of the models
was almost perfect. Prediction accuracy of 86% has been
obtained by the SSD MobileNetV2 model fine-tuned with
the augmented dataset, while with the SSD MobileNetV2
FPNLite prediction accuracy of 82% was achieved. The
confusion matrix from the evaluation of the fine-tuned
SSD MobileNetV2 model on the augmented dataset is
presented in Fig. 3. Similarity between hand positions for
the letters O - E and T - G, has resulted in difficulties in
distinguishing between these pairs, which is shown by a
lot of misclassified cases. For the O - E pair, the number of
mistakes was 109, while the class T was misclassified as
G 79 times. The confusion matrix from the evaluation of
the fine-tuned SSD MobileNetV2 FPNLite model on the
augmented dataset is shown on Fig. 4. The model is unable
to detect the letter T, and faces problems with detecting
the letters O, P, N and NJ.
One possible explanation for the worse results obtained
with models fine-tuned with the augmented dataset compared to the models fine-tuned with the original dataset is
that the augmentation was performed without supervision.
Some of the signs in the dataset, for example, were
positioned at the edge of the images, and when they were
rotated in the augmentation process, the signs could have
been partially or entirely obscured.
In the second and the third scenario, the evaluation was
conducted taken into account the three objects that have
the three highest probabilities. In the second scenario, the
prediction is considered to be correct if the true class is one
of the top 3 objects detected with the highest probability.
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Figure 4: Confusion matrix from the evaluation of the
fine-tuned SSD MobileNetV2 FPNLite model on the
augmented dataset

The results are presented in Table 1. It can be observed that
the correct class is predicted in the first three detections
with the highest probability by the models fine-tuned on
augmented data set in approximately 98% of the cases.
The third scenario takes into consideration the detection where there is highest IoU, so the IoU metric is
maximized. These results are also represented in Table 1.
From the results of the third scenario evaluation, it can be
observed that in many of the cases the prediction with the
highest IoU does not happen to be the correct prediction.
Precision, recall and F1 score were also calculated for all
three scenarios, and they are represented in Table 1.
C. Real-time object detection
The capability of the models for real-time automatic
recognition of Macedonnan sign language was an objective
of equal importance in our study. The results were more
than satisfactory, since the performance of the models was
tested for recognizing sign letters in a real-time video
streams. Fig. 5 shows a correct prediction with high
confidence of 95% for letter O that is captured in a video
frame that is not part of the image dataset.
The system was designed so that it shows a bounding
box encompassing the hand of a person showing a sign
letter i.e., the region containing the object. The output of
the system, which is the letter it detects (one of the 28
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Table I: Results from evaluation of the fine-tuned models by using the original and augmented datasets with the three
scenarios

First Scenario
Original Dataset

First Scenario
Augmented Dataset

Second Scenario
Original Dataset

Second Scenario
Augmented Dataset

Third Scenario
Original Dataset

Third Scenario
Augmented Dataset

Model
Prediction accuracy
Mean IoU
Precision
Recall
F1 Score
Prediction accuracy
Mean IoU
Precision
Recall
F1 Score
Prediction accuracy
Mean IoU
Precision
Recall
F1 Score
Prediction accuracy
Mean IoU
Precision
Recall
F1 Score
Prediction accuracy
Mean IoU
Precision
Recall
F1 Score
Prediction accuracy
Mean IoU
Precision
Recall
F1 Score

SSD MobileNetV2
1.0
0.863
1.0
1.0
1.0
0.865
0.734
0.892
0.866
0.856
1.0
0.863
1.0
1.0
1.0
0.981
0.734
0.981
0.981
0.981
0.638
0.877
0.682
0.638
0.634
0.587
0.747
0.602
0.587
0.585

Figure 5: Object detection with the fine-tuned model on
image that is not part of the data set

classes) and the confidence interval are written above the
box. The minimum confidence threshold was set to 0.5;
predictions with lower confidence value do not appear on
the screen. The system allows the interface design to vary
e.g., color coding for different letters, or adjusting the size
and font might be used and personalized.

SSD MobileNetV2 FPNLite
0.995
0.857
0.996
0.996
0.996
0.816
0.745
0.891
0.849
0.821
1.0
0.857
1.0
1.0
1.0
0.980
0.745
0.979
0.980
0.979
0.534
0.866
0.612
0.535
0.530
0.49
0.755
0.555
0.491
0.496

ety of multimedia application. By bridging the gap that
exists between the general public and hearing impaired
population, a step toward more natural and inclusive
computer-mediated interaction is envisioned. To this end,
we have created a new image dataset to allow successful
training of the proposed systems. The proposed models are
inline with current trends in the filed of utilizing transfer
learning of deep neural networks suitable for the task at
hand. SSD MobileNetV2 and SSD MobileNetV2 FPNLite
architectures were selected and evaluated in a number of
scenarios that frequently pose challenges to the system.
In particular, the distinction between letters presented in
similar style that are more difficult to identify. Overall, the
findings show that the two models successfully recognize
28 two-handed sign letters. As with past imports of deep
learning in other application domains, the use of deep
neural networks carries both great promise and many
challenges that still await robust and general solutions. Our
current efforts are directed towards augmenting our dataset
with larger collection of images containing both, letters of
the alphabet as well as other Macedonian sign language
words. Future research directions of particular interest is
extending the variety of symbols that the system could
identify including two-handed dynamic signs and words.
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