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Abstract. Computer vision has introduced new successful opportuni-
ties in everyday life. Recently, there has been a lot of progress, partic-
ularly in face recognition and object detection systems. These systems
require a large amount of data to be trained with, in order to perform sat-
isfyingly. Active learning addresses this challenge by leveraging a small
amount of manually labelled data. This paper builds on state-of-the-art
face recognition and object detection models, by implementing optimiza-
tion techniques that enhance the recognition accuracy. Further training
is being introduced by making use of a robust active learning framework
that results in creating extended data sets. Finally, the paper proposes an
integrated system, which involves efficient techniques of associating face
and object identification information, in order to extract (in real-time)
as much knowledge as possible from a video streaming.
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1 Introduction

Everyday life as well as industry and business functions have been rapidly trans-
formed due to machine learning (ML) applications. Computer vision (CV), as
an ML application, has introduced new successful opportunities in healthcare,
transportation, banking, security, media monitoring and more. CV systems are
trying to imitate the complex structure of the human eye, which can see and
understand the environment or a digital image. Although this is a pretty chal-
lenging job, there has been progress particularly in face recognition (FR) [1]
and object detection (OD) [2] systems. These systems require large amounts
of data to be trained with, in order to perform satisfyingly. In most cases, the
available data sets include an amount of unlabelled training samples, that is too
large to be manually labeled. Active learning (AL) [3] techniques address this
challenge by leveraging only a small amount of manually labelled data, in order
to train good supervised models. The main idea in an AL approach is that it
could perform better than traditional methods, even with a significantly lower
amount of training data. An efficient way of labelling a small amount of training
data is utilizing user-friendly annotation tools that could annotate a whole video
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streaming and export the labelled data in the appropriate format, so that they
could fit on systems’ demands. This method of constructing data sets could be
extremely useful and time-saving, since often it is tough enough or even impos-
sible to find an existing data set that includes the desired classes. Meanwhile,
these annotation tools enable a continuous interaction between system and ML
engineer, as he can easily decide which classes will enhance the current data set,
while watching a video streaming and capturing the desired entities (objects,
faces).

The main contribution of this paper is to: a) provide a comprehensive study
on the state-of-the-art FR and OD systems implementation and further training,
b) propose a robust AL framework of creating extended data sets, c) introduce a
sophisticated optimization method that enhances the recognition accuracy, and
d) provide efficient techniques of associating FR and OD outputs through the
integrated system, in order to extract as much knowledge as possible from an
input video, in real-time. The rest of the paper is organized as follows: First we
review the state of the art; then we present the employed data set construction
techniques; then we present the proposed framework for AL, including face and
object recognition association; and finally we identify future challenges.

2 State-of-the-Art Review

The very latest results of FR tests indicate some of the best FR software avail-
able on the market. In 2015, Google announced FaceNet [4], which achieved a
record accuracy of 99.63% on the Labeled Faces in the Wild (LFW) [5] data
set. At the same time OpenFace [6], an open-source implementation inspired by
FaceNet, was released. The OpenFace project employs Dlib [7] built, which has
an accuracy of 99.38% (on LFW). Dlib employs Deep Learning (DL), while the
network architecture is based on ResNet-34 [8].

ImageAI supports state-of-the-art ML models, trained on the ImageNet-1000
[9] data set, for OD and image classification [10]. The most popular OD model
supported by ImageAI is YOLOv3 [11] that has been trained on the COCO [12]
data set. The convolutional neural network (CNN) within YOLOv3 is inspired
by the GoogleNet [13] model. The YOLOv3 model has a 63.7% mean average
precision (mAP) score over the 2007 PASCAL VOC [14] data set, while it allows
real-time predictions. YOLOv3 is a robust option for OD, since it is faster and
certainly more convenient to use, compared to other well-performed models such
as Faster R-CNN [15] and Mask R-CNN [16] that are not implementable for real-
time.

Dlib and YOLOv3 are open-source projects and highly recommended by
literature. Therefore, the approach adopted in this work includes the state-of-
the-art Dlib library and YOLOv3 pre-trained model. This decision resulted in
real-time predictions with high accuracy.
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3 Data Set Construction

The construction of the data set is a crucial step for any ML-related task. The
implemented systems introduced in this paper have different needs concerning
the training samples.

3.1 Video Annotation Tool

The data set construction phase involved the usage of an open-source video
annotation tool, OpenCV-Video-Label, so that both systems requirements could
be addressed efficiently. OpenCV-Video-Label tool supports two object tracking
algorithms, Re3 [17] and CMT [18]. More precisely, it enables playing a video,
defining a bounding box, where a class (face/object) appears and tracking the
entity over multiple frames. Each bounding box refers to a class name that is
inserted by the user. The tool provides multiple output formats, based on the
system’s training demands. Our implementation supports two scenarios: i) FR
scenario corresponds to the cropped images that include the face regions and ii)
OD scenario corresponds to the original images followed by xml/txt files with
the precise coordinates of objects’ bounding boxes and class names.

3.2 Face Recognition Data

The training process of a FR system requires images of faces, where the face
landmarks [19] are visible. To ensure that the accuracy is not reduced due to
training samples issues, the following key points have been noted:

• The total number of image samples per class (person) in the data set is
suggested to be higher than 50, while every image should contain a unique
face.

• The face within the image should be facing the camera, with both eyes
visible. Thus, it is preferable to avoid samples with high percentage of hidden
face landmarks (e.g., profile view).

• Image resolution is a determining factor in recognition results. The dimen-
sions of the bounding box that encloses the face should be at least 130x130px.

After data collection, further pre-processing (alignment) on training samples
is highly recommended by literature. Face alignment [20] includes rotation, scal-
ing, translating, etc, of face landmarks and aims: a) all faces across the entire
training set to have approximately identical size (256 x 256 in our case), b) ev-
ery face to be centered in the image that it appears, and, c) the eyes to lie on
the x-axis. The next step is converting the current data set to encodings (that
is, 128-d vectors). Dlib’s face recognition network is responsible for generating
a feature vector per face in the data set. Hence, a 3-D matrix is built, where
all the encodings that correspond to the training samples of the FR system are
appended. In particular, every face in the data set is being represented by: i) the
image file path, ii) the face encodings, and iii) the class name. Once a new face
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sample or a completely new class is being inserted in the data set, the matrix
is being updated. For the purposes of our experiments, a data set of 10 classes
by utilizing the OpenCV-Video-Label annotation tool, as well as freely avail-
able video streaming, was constructed. The average number of image samples
per class was approximately 65, while the total number of training samples was
almost 665.

3.3 Object Detection Data

The training process of an OD system requires objects’ images followed by the
corresponding files (xml/txt) that include the actual coordinates of each object
within the image, as well as the object’s class name. The total number of training
samples per class is recommended to be higher than 50. The OD accuracy is
being enhanced when a variety of object’s features (that is, color, size, shape)
is being included in the data set and all image samples are representative of
their class. As it is already mentioned, the YOLOv3 pre-trained model has been
trained on the COCO data set. As a result, it could make predictions for 80
classes. The data set for further custom training consisted of 5 classes (flag,
glass, hat, surgery mask, watch). The OpenCV-Video-Label annotation tool, as
well as freely available video streaming, was used. The average number of image
samples per class was approximately 150, while the total number of training
samples was almost 800.

4 The Active Learning Framework

This section introduces the framework for FR and OD, which makes use of AL
techniques leading to automated data set enhancement. Our integrated system
combines FR and OD models and results in extracting knowledge from both of
them in real-time, as well as associating their outputs providing us additional
information about frames’ contents. Furthermore, a sophisticated optimization
method is incorporated into our system, which enhances the recognition accu-
racy. Meanwhile, a metadata repository is built, that consists of details about
every input that undergoes the system (e.g., unique id, duration, frame rate, etc),
as well as system variables (e.g., number of classes per model) and output/logs.

4.1 Face Recognition System

Classifier Training: After generating faces encodings, a ML classifier is being
trained, in order to make probabilistic predictions for every detected face in the
input video. Training is being conducted on encodings column (training sam-
ples), in association to the corresponding class name column (labels), which are
included in the aforementioned 3-D matrix. According to bibliography, Support
Vector Machines (SVM) [21] and K-Nearest Neighbours (KNN) [22] have been
proven quite efficient classifiers for encodings classification. A classifier compari-
son between SVM and KNN is necessary, in order to decide the optimal classifier
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in terms of time and accuracy. The implementation of these classifiers relied on
the scikit-learn 1 models. For the purpose of classifier comparison thresholdA is
defined. Every true and false prediction higher than thresholdA were categorized
as true positive (TP) and false positive (FP), respectively. Our experiments were
conducted on the initial data set (10 classes). From the very first results, we ob-
served the SVM classifier saving time in both training and recognition process.
On the other hand, KNN classifier required further experimentation concerning
the appropriate K value, which as it turned out depends on the number of classes.
Additionally, we noticed a significant delay during the KNN recognition process
for a high number of classes. In particular, we considered the same input video
and number of classes, in order to execute two individual recognition processes,
one per classifier (that is, KNN and SVM). More precisely, we created a data set
of 100 classes consisting of 10 copies of the initial data set. We aimed to estimate
only the duration of the recognition process per classifier, therefore duplicates of
classes do not reflect on our observations. Ultimately, we noticed that for a large
data set (e.g., number of classes ≥ 100) the SVM classifier takes approximately
half the time of the KNN classifier. The latter becomes noticeably slower, while
the amount of data is being increased, since KNN estimates the distance of every
detected face from all the “known” faces in the data set. Hence, we concluded
the SVM classifier as appropriate, as it has been proven considerably accurate as
well as convenient to use in a FR system, where the predictions should be made
in real-time. The proposed SVM classifier’s architecture involves linear kernel,
while C and gamma parameters are equal to 1.0 and 1/n features, respectively.

It is worth noting that the number of classes reflects on results. In fact, an
extremely low number of classes (e.g., less than 5) could cause an increase of
FP predictions, while an extremely high number of classes could result in sig-
nificant delay during the FR sub-process. For this reason, we copied the initial
10 classes multiple times, in order to create larger data sets of 65, 650 and 6500
classes. Duplicates of classes do not reflect on our observations for the same
reason that we described above. Table 1 shows training and recognition time for
the same input but different number of classes. The input video is 10 minutes
long, while the frame rate has been reduced to 2 frames per second, in order to
speedup the process. Usually the original frame rate of a video equals 25 frames
per second. However, FR could perform satisfyingly and significantly faster for
2 frames per second. In particular, the reduced frame rate does not affect the
recognition accuracy. For the cases of 650 and 6500 classes we attempted to train
two individual classifiers instead of one. The two classifiers did not share any
class. Taking into account Table 1, we decided that the total number of classes
per classifier shouldn’t exceed 600, since the training process takes many hours
to complete for an extended data set (e.g., 6500 classes). Recognition time is
related to the total number of classes of employed classifiers, too. Finally, we
noticed that splitting a heavy data set into two or more classifiers addressed the
delay issues, for both training and recognition processes.

1 https://scikit-learn.org/stable/index.html
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Table 1. SVM classifier. Comparison of the training and recognition duration for
different number of classes and classifiers.

Class
Number

Classifier
Number

Training
Time (sec.)

Recognition
Time (sec.)

65 1 2.7 76

650 1 278 146

650 2 3.6 77

6500 1 6 ∗ 104 977

6500 2 13 ∗ 103 660

Prediction Filtering: After training one or more SVM classifiers, the system
is ready to make predictions on input videos. For every detected face in a video
frame, the classifier predicts a probability value (confidence) for each class in the
data set, resulting in a matrix where rows and columns correspond to the classes
in the current data set and the frame number, respectively. Face identification
(per frame) results from the highest confidence value among all classes.

Prediction flickering is a common phenomenon in most FR systems. Flicker-
ing renders the inconsistency of face identification through frames, which is really
intense when the detected face is moving. Thus, we employed filtering (that is,
Algorithm 1), which managed to stabilize the confidence values. In Figure 1 we
present the confidence diagram for a TP case. After applying the algorithm, the
confidence values have been smoothed, while the flickering phenomenon has been
eliminated.

Algorithm 1: FR Prediction Filtering

1. Zero all the confidence values that are under the thresholdA, since they
probably correspond to FP.

2. Apply a median filter with a N-size kernel. More precisely, re-estimate every
class’s confidence in a current frame, taking into account the confidences
in both previous and next N frames. Then, replace the current value with the
median value of the list that has occurred (that is, V C list):

V C [i] = median(V C
list)

- V C
list = {V C [i− N

2
], V C [i− (N

2
− 1)], ..., V C [i + N

2
]]},

- V = confidence value per person in the current frame,
- C = class, i = frame number

3. In the same way, apply a sum filter with a M-size kernel on the updated (from
the previous step) confidence values: V C [i] =

∑i+M
i−M V C [i]

4. Finally, replace the updated confidence values as follows:
- if V C [i] > cutoff then V C [i] = 0.99
- else V C [i] = 0.01
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Fig. 1. TP example of confidence values through frames, where: (a) represents the pre-
filtering confidence values and (b) represents the post-filtering values after applying the
Algorithm 1. The confidence values that approach zero in both (a) and (b) correspond
to frames, where the current person is out of focus or disappears entirely.

Face Recognition Output: As soon as an input video is being processed for
FR, we extract knowledge for both “known” faces, which correspond to data
set’s classes, and “unknown” faces, which are not included in the data set, yet.
Particularly, a face is being classified as “known” if the class’s (post-filtering)
confidence exceeds 0.99, while a face is being classified as “unknown” if the max-
imum (pre-filtering) confidence for all classes is under a pre-defined thresholdB .
When the FR process is over, we export:

• (FR-out-1): A matrix where rows and columns correspond to the data set’s
classes and the frame number, respectively. Each cell in the matrix includes
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the precise coordinates of the bounding box that encloses the detected face,
which appears in the current frame, as well as the confidence score for the
corresponding class.

• (FR-out-2): A dictionary where the keys are the “known” faces that have
appeared in the video, while the values per key are: a) the class name, b) a list
of the frames where the corresponding class appears, and c) the coordinates
of the bounding boxes that enclose the face within the frames, where it
appears.

• (FR-out-3): The encodings of the “unknown” faces that have appeared in
the video, in association with the coordinates of the bounding boxes that
enclose the faces within the frames, where they appear.

• An annotated video where all the detected faces are within a bounding box,
followed by either a class tag or an “unknown” tag.

As a result, we have exploited the information about “unknown” faces, since
once a new class is being added in the data set it is possible to detect if it has
already appeared in inputs that have undergone FR. For this reason, we estimate
the distance between a small set of encodings that have been produced for the
new class and those that have been classified as “unknown”. If this distance
is under a pre-defined thresholdC , then both encodings probably represent the
same face. Consequently, when an “unknown” class is being inserted in the data
set, our AL framework detects all its previous appearances in recent input videos
and gives access to more images that could be used as training samples for
further training on the current class. In the same way, a “known” class could be
enhanced with more samples that originate from predictions with high confidence
values. The output video could also be utilized for further training purposes,
since it enables the human eye to distinguish the currently “known” from the
“unknown” faces. This is undeniably a significant facilitation that results from
the AL framework that we have implemented in this paper.

4.2 Object Detection System

Training and Evaluation: ImageAI provides detailed documentation 2 for ob-
ject training on custom data sets. Firstly, it is recommended to transfer learning
from YOLOv3 pre-trained weights to the custom training process. However, the
output layer that is responsible for classifying every detected object does not par-
ticipate in the custom training. As a result, every custom trained model makes
predictions only for classes included in the current data set. Throughout our ex-
periments we concluded that the number of classes per custom training should
not exceed 10, in order to achieve good results. Training process ends when
the validation loss stops decreasing and mAP score is not being significantly
increased in comparison to previous epochs. ImageAI enables saving epochs’
checkpoints and provides an evaluation method that estimates the mAP score,
in order to find the optimal model between checkpoints.

2 https://imageai.readthedocs.io/en/latest/customdetection/
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Object Detection Output: During the prediction process on an input video,
the “known” object-classes are being identified only if their predicted probabili-
ties are higher than a pre-defined tolerance value. When the OD process is over,
we export:

• (OD-out-1): The precise coordinates of the bounding boxes that enclose the
detected objects in each frame. There is also a confidence value per predic-
tion, which represents the probability that the detected object corresponds
to each predicted class.

• (OD-out-2): The total number of instances of the object present in every
frame.

• An annotated video where all the detections that have been identified are
within a bounding box followed by a class tag.

It is worth mentioning that when an input undergoes our OD system mul-
tiple times for different custom trained models, the most recent output is being
concatenated with the existing (from previous OD executions), in order to main-
tain the total information. Additionally, we should emphasize the utility of our
AL framework, since at the end of the process we collect information about
brand-new training samples. A handy scenario is enhancing the data set with
the high-confidence samples. Also, the annotated video is extremely useful for
data set enhancement purposes.

4.3 The Integrated System

As we have already highlighted, the contribution of this paper includes the im-
plementation of a unique system (that is, the integrated system) that could
apply both FR and OD to an input video, in order to extract as much infor-
mation as possible in real-time. It is worth mentioning that the frame rate of
every input video that undergoes our system is being automatically reduced to 2
frames per second, in order to speedup the process, since the reduced frame rate
does not affect the recognition accuracy. Figure 2 represents the architecture of
the integrated system. Particularly, there are three basic phases: i) the training
phase that involves the data set construction, as well as the classifier training
(per model, FR & OD), ii) the detection/recognition phase, where the system
exports the final outputs that include the identified information, and iii) the AL
phase, where our framework leverages the information that we have extracted
from the outputs, in order to enhance the training set.

Furthermore, we succeeded in combining the information that we have ex-
tracted from both modules of the integrated system, addressing the challenge
of faces and objects association that, to the best of our knowledge, has not
been implemented before. Therefore, we built a list of personal objects (that is,
wearables, such as mask/tie, or objects that a person could use, such as cell-
phone/umbrella), and we utilized the bounding boxes of both faces and personal
objects that have appeared in overlapping frame regions. The output of such an
association could be the following system log: “Object with name: {X} belongs
to a person with name {Y}”.
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Fig. 2. Architecture of the Integrated System. The system is composed of three indi-
vidual phases: i) the training phase, ii) the detection/recognition phase and iii.) the
AL phase.

5 Future Challenges

There are several challenges for future research. Firstly, the proposed method
addresses only face to objects associations. To this end, further associations be-
tween either individual faces or individual objects could be incorporated, in order
to extract statistics about persons or objects’ common appearance in videos.

In addition, we plan to include more features in our system’s capabilities, in
order to satisfy more use-cases. For instance, we could incorporate a color analy-
sis ML algorithm (e.g., K-Means), which would export a color palette consisting
of the dominant colors that prevail all over the video. The output palette would
enable us to predict the change of the scenery/background through the video.
Moreover, an image prediction model could automatically generate tags for each
input’s frames. As a result, we would be able to estimate the tag variability
through the frames as well as determine a possible correlation that may exist
between the frames’ contents (that is, persons and objects), the generated tag
and the dominant colors.
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