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ABSTRACT Article information:
Many applications have used hand gestures for software interaction, image-
and video-based action analysis, and behavioral monitoring. Hand detec-
tion is an essential step in the pipeline of these applications, and Convolu-
tional Neural Networks (CNN) has provided superior solutions. However,
CNN has similar features between hand and non-hand images, called non-
dominant features. These features a�ect miss-classi�cations and long-time
computation. Therefore, this paper focuses on the selection of dominant
CNN features for hand detection, and it is our proposed method (DP-CNN)
that selects the dominant feature patterns (DP) from the trained CNN
features and classi�es them using the Extreme Learning Machine (ELM)
method. Evaluation results show the proposed method (DP-CNN-ELM),
which can increase the accuracy and the F1-score of CNN. In addition, the
proposed method can reduce the time computation of CNN in training and
testing.
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1. INTRODUCTION

Nowadays, applications using the human hand are
being developed for applications such as computer
interaction, virtual reality, driver behavior analysis,
and human activity analysis. Human hand detection
plays an important role in communicating through
these applications, in which two computer vision-
based steps are prominent. These include (1) hand
detection and (2) hand gesture recognition. Real-
world environments present unknown and variable
conditions that a�ect hand detection performance.
These consist of complex backgrounds, changing il-
lumination, blurred image, and variations in hand
shapes. These problems also a�ect hand gesture
recognition and ultimately present di�culties in cor-
rectly classifying the communicated intentions to the
application.

Traditional computer vision-based hand detection
methods use several visual feature extraction meth-
ods such as skin color [1], histogram of oriented gra-
dients (HOG) features [2], Harr-Like features [3], tex-
ture [4], and shape features [5]. So�ane et al.[6] pro-
posed hand detection using skin color and hand veri-
�cation by palm properties, which is sensitive to noise

from the input device. Mittal et al.[7] proposed using
model HOG features for hand-shape detection [8] and
hand classi�cation using a support vector machine
(SVM) [9]. This method's performance is poorer in
images with non-uniform backgrounds. Chen et al.
[10] proposed Haar-like features for hand detection
and hand gesture recognition under various illumina-
tion and uniform laboratory background conditions.
Their method produces high performance in their lab-
oratory test dataset. Misra et al. [11] present hand
detection using sparse texture and color-texture fea-
tures. The runtime execution of their method is faster
when compared to Gabor segmentation-based fractal
texture analysis. Qi et al. [12] proposed hand-shape
features for hand detection in a human-robot inter-
action application under three environmental condi-
tions: conference room, laboratory room, and out-
doors. The method shows higher accuracy when com-
pared to a HOG-SVM classi�er method; however, it
is less than LeNet-5 [13] and ResNet-18 [14] in some
situations. These traditional vision hand detection
methods have limited capacity to represent the hu-
man hand concept across factors such as varied il-
lumination conditions, complex backgrounds, hand
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shapes, and hand rotations.

CNN-based methods are becoming popular for
hand detection [15][16] due to their better than tra-
ditional methods in a real-world environment. Igle-
sias et al. [17] proposed the R-CNN method for the
detection of hand gestures using an optimized R-
CNN architecture (a small number of layers) based
on the Darknet [18]. Their proposed method is suit-
able for computationally limited devices. Neethu et
al. [19] proposed a CNN for hand gesture detection
and recognition. Their method used masked images
for hand detection and segmentation of fingers by a
connected component analysis algorithm. The seg-
mented finger regions of the images were input into
their CNN for classification. Su et al. [20] pro-
posed a system using augmented reality that recog-
nized hand gestures and finger-pointing interactions
from the perspective of the wearer’s smart glasses.
A region-CNN (R-CNN) based on skin-color masks
gives high performance in hand detection. However,
the model was negatively affected by changes in il-
lumination. Roy et al. [21] proposed CNN-based
skin color segmentation models for hand detection.
Their skin segmentation method reduced the occur-
rences of hand detection misclassifications of bench-
mark R-CNN and Faster R-CNN models. Yang et
al.[22] proposed a light-CNN network for detecting
different-sized hands by generating feature maps at
various resolutions. Their experimental results show
high hand detection performance at different hand
sizes and scales. Deng et al. [23] built a common
(two-task) framework for hand detection (segmenta-
tion) and hand rotation (plane) estimation using a
CNN method. Their common methods slightly im-
proved average precision performance over their sep-
arated method, indicating that rotation feature infor-
mation benefited their hand detection classification.

Research works on CNN-based hand detection
have improved performance by addressing the run-
time complexity of the convolution layer designs, in-
corporating skin color segmentation, and combining
rotation estimation features into the hand detection
(segmentation) CNN model. The results of these
works give a high average precision in a range of about
50-94 [16] [24]. However, these methods have complex
computations and require expensive GPUs, which can
make users increase the cost.

This paper proposed reducing costs by improving
simple computations in CNN. The interesting prob-
lem of CNN is the redundancy of features in feature
maps found in the convolutional layer. These features
are a major contributor to the high computational
requirements In addition, the fully-connected charac-
teristics of CNN use batch backpropagation neuron
networks, which affect the complexity of the com-
putation. Therefore, the proposed method uses the
dominant pattern (DP) algorithm selecting features
because its high-speed computation is highly accu-

rate and uses ELM as a classifier [26]. This work
uses ELM because the ELM gives high performance
for deep hybrid CNN applications for image classifica-
tion [27], [28]. In addition, ELM enables high perfor-
mance and fast computation. This proposed method
is called DP-CNN-ELM, which is a simple structure
and can improve the performance of CNN in hand
detection.

This paper is organized of the rest as follows: Sec-
tion 2 reviews the underlying methods involved in the
hand detection technique, while Section 3 presents
the proposed method. The datasets and evaluation
methods followed by experiment results are presented
in Sections 4 and 5, respectively. The conclusions and
intentions for future work are found in Section 6.

2. RELATED WORKS

This section describes the Convolution Neural Net-
work (CNN) and the dominant pattern (DP), which
these methods used in this paper.

2.1 Convolutional Neural Network (CNN)

CNN [29][30] is a neural network for describing
image features used in object detection and image
classification. The CNN architecture has two stages:
feature learning and classification. The feature learn-
ing stage consists of convolution layers and a pool-
ing layer, while the classification stage has fully-
connected layers. Figure 1 shows the CNN architec-
ture.

Fig.1: CNN architecture.
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The convolution layer is the main component of
CNN that performs feature extraction from the im-
ages. A kernel window (e.g., a filter or feature detec-
tor) slides across the image to multiply each image
pixel (of the window region), element-wise, by the
kernel matrix. The result of each full-image kernel
convolution is a feature map. The pooling layer re-
duces the dimensions of the feature map to improve
its robustness to small changes. Pooling computation
types include maximum and average values.

Within the classification stage, the input from
the feature learning stage is flattened to one dimen-
sion. The features are classified in the fully-connected
layer. This layer can be used as an input into other
machine learning models. Such examples are support
vector machine (SVM) [31], random forest (RF) [32],
and extreme learning machine (ELM)[33].

2.2 Selecting feature by their Dominant Pat-
terns (DP)

DP [26] was proposed for selecting the dominant
patterns of HOG in vehicle detection tasks. The un-
derlying principle of DP is that object images belong-
ing to different classes should have different dominant
pattern subsets.

1) Training set preparation
In this step, the dataset is divided into two sets:

the object set and the background set. The object
set and background set consist of one-dimensional
features of the object (O) and background (B), re-
spectively, per image, as shown in equation (1). t
is the number of images in the object set, d is the
number of images in the background set, and m is
the length of the feature vector. For example, in this
proposed method, at1 to atm is the one-dimensional
trained CNN-feature values corresponding to image t,
where that image is known to contain a pixel region
with a hand object.

O=


a11 a12 · · · a1m
a21 a22 · · · a2m
...

...
...

...
at1 at1 at3 atm


t×m

,

B=


a11 a12 · · · a1m
a21 a22 · · · a2m
...

...
...

...
ad1 ad1 ad3 adm


d×m

(1)

2) Ideal vector computation
This step computes the features representing the

object set and background set which are then deter-
mined as an ideal vector. The ideal vector of object
Ō and background B̄ are computed by equations (2)
and (3).

Ō=

[
1

t

t∑
i=1

Oi,1,
1

t

t∑
i=1

Oi,2, . . . ,
1

t

t∑
i=1

Oi,m

]
1×m

(2)

B̄=

[
1

d

d∑
i=1

Bi,1,
1

d

d∑
i=1

Bi,2, . . . ,
1

d

d∑
i=1

Bi,m

]
1×m

(3)

3) Dominant patterns detection
This step segments the ideal vector into chunks of

l-consecutive elements for computing the dominant
patterns and non-dominant patterns. The dominant
patterns are selected in this step. The number of seg-
ments is K = m/l. Each kth segment has computed
the difference between the ideal vector of the object
and the background (d̄k). Then, the average of the
differences between the object and background (D)
has computed. Lastly, the dominant pattern corrects
in the set I. Equations (4), (5), and (6) are compu-
tations d̄k, D, and I, respectively:

d̄k =

∑kl
i=(k−l)l+1 |Ō(l,i) − B̄l,i|

l
(4)

D =
d̄1 + d̄2 + d̄3 + · · ·+ d̄k

K
,K =

m

l
(5)

I = {k|d̄k ≥ (D + α)} (6)

Empirical studies reported in [24] produced high
accuracy rates by assigning the parameter values of l
as 5, 10, 15, 20, 25, and 30; and α as -0.006, -0.003,
0.0, and 0.001. Intuitively, l and α parameters are
the number of features, and the minimum threshold
difference of the corresponding features are the values
between the two targets. Importantly, both affect the
accuracy and time computation in the classification
stage.

2.3 Regions with Convolution Neuron Net-
works (R-CNN)

R-CNN is popular in hand detection because it can
detect small images. R-CNN has two stages of com-
putation. Firstly, the training stage is about learning
ground truth images. These images are extracted fea-
tures by CNN, and the features are fed into a SVM
for computing the best model. Secondly, the detec-
tion stage is about detecting hands from images or
videos. Each image is taken from an extraction region
by a selective search algorithm [34] which consists of
2000 proposed regions. Then, these regions are fed
into a CNN that produces a feature vector. Finally,
classification features such as hand or non-hand are
processed by the SVM, which uses the best model
from the R-CNN training stage. Figure 2 shows the
stages of R-CNN.
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Fig.2: CNN architecture.

3. PROSED METHODS

This paper proposes human hand detection using
DP-CNN with ELM as a classifier. The traditional 
computation of CNN consists of three layers: the 
convolutional layer, the pooling layer, and the fully-
connected layer. Figure 3 shows the problem states 
of CNN. It considers the features produced by CNN 
that consist of dominant and non-dominant patterns. 
Figure 3(a) shows these features. The y-axis and x-
axis of Fig. 3(a) are values of CNN features and the 
length of CNN features, respectively, in which Fig. 3 
shows the length as 11. The sets of these features are 
patterns. Those dominant feature patterns can

Fig.3: The Problem State of CNN Features.

Fig.4: Main Idea of the Proposed Method.
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Fig.5: DP-CNN with ELM Training Stage.

describe differences between hand and non-hand im-
ages with a high degree of discrimination. Meanwhile,
the non-dominant patterns contain features with sim-
ilar values for hand and non-hand images. The non-
dominant patterns affect the accuracy and time com-
putation of hand detection.

Therefore, the proposed method improves the per-
formance of hand detection by selecting only the dom-
inant pattern(s) of CNN features. Figure 4 shows the
main idea of the proposed method. The input layer
of CNN uses a grayscale format because this format
can reduce time computation. The convolution layer
uses 3×3 filters and two strides. The pooling layer
uses a maximum value, the detail shown in Fig. 4(a).

The CNN produces non-dominant and dominant
patterns. Figure 4(b) shows an example of a
non-dominant and dominant pattern of CNN fea-
tures. Subsequently, the DP method selects the
dominant feature pattern(s) of CNN, and these fea-
tures within dominant patterns are classified as
hand and non-hand images by the ELM classi-
fier. The dominant patterns are divided features as

chunks of l-consecutive elements by assigning l =
{5, 10, 15, 20, 25, 30} in which Fig. 4 shows l as 5.

The framework of the proposed method is suit-
able for applications involving R-CNN, Faster R-
CNN [35], YOLO, and another method based on
CNN object detection [23].

The proposed method consists of two stages: train-
ing and detection. Figure 5 shows the training stage.
First, divide the dataset into hand and non-hand
groups. Secondly, these images become extracted fea-
tures by convolution and the pooling layers of CNN.
Third, the CNN features of hand and non-hand are
computed as an ideal vector by equations (2) and (3),
respectively. Next, DP selects the features by consid-
ering the differences between the hand and non-hand
forms of the CNN pattern by equations (4), (5), and
(6). Finally, ELM classifies these dominant patterns.
The ELM uses RBF kernel because it results in high
performance and is suitable with the DP method [26].
The detection stage uses the best model in the train-
ing stage.

The detection stage feeds the images for classifi-
cation. These images are the extracted features by
CNN. These images are the extracted features by
CNN. Then DP method selects dominant patterns
from equation (6). The computation of equation 6
uses the best l and α from the training stage. Finally,
ELM classifies images as hand or non-hand images.
Figure 6 shows the detection stage of the proposed
method.

Fig.6: DP-CNN with ELM for hand detection.

4. DATASET AND EVALUATIOND

This study includes experiments conducted on the
Egohand database [36]. The Egohand dataset [36]
contains 48 videos. The video images contain hand
gesture activities images: consisting of blurred and
various illuminations. Figure 7 shows an example
of the Egohand dataset. The datasets have 130,000
frames of videos in total. There is labeling for 4800



270 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.17, NO.2 June 2023

Fig.7: Example of Egohands database.

(a)

(b)

Fig.8: Dataset for the training of the proposed
method (a) hand and (b) non-hand images in the Ego-
hands database.

frames. In addition, the dataset includes the an-
notation of 15,053 hand instances. The researchers
cropped 15,000 non-hands from 130,000 frames. The
datasets were training and testing sets with a ratio of
0.8:0.2. Experiments on the proposed method were
performed on an Intel corei5 CPU, 240 SSD RAM,
and a 1080Ti GPU with 11G Memory capacity and
code in MATLAB R2018a.

The proposed method uses DP [26] for selecting
CNN features and ELM [37] as the classifier. The
critical parameters of DP consist of l and α. The
l values include 5, 10, 15, 20, 25, and 30, and the
α parameter values include -0.003, -0.002, -0.001, 0,
0.001, 0.002, and 0.003. Figure 8 shows data prepa-
ration for the training of the proposed method. The
authors evaluated the proposed method by accuracy
(AC), precision (P ), recall (R), and the F1-score [38].
The computation is shown from equations (7) - (10).

AC =
TP + TN

TP + FP + TN + FN
(7)

P =
TP

TP + FP
(8)

R =
TP

TP + FP
(9)

F1− score = 2× P ×R
P +R

(10)

where TP is the number of hand objects correctly
detected in the hand samples, TN is the number of
non-hand objects correctly detected in the non-hand
samples, FP is the number of hands identified as non-
hands, and FN is the number of non-hands identified
as hands. P is the precision at recall value R.

5. EXPERIMENT RESULTS

5.1 CNN experimentation results

This section presents the weak point of CNN in
the classification stage. The CNN features identify
some features of hand and non-hand as similar ob-
jects. Figure 9(a) shows an example of the ambigu-
ous features of CNN. These features affect the per-
formance of hand detection. In contrast, the features
of CNN have differences between hand and non-hand
data that give high performance. Therefore, the pro-
posed method selects dominant features by using pat-
terns of CNN which are shown CNN in Fig. 9(b), and
discard non-dominant patterns of CNN.

One must consider the performance of CNN fea-
tures within the dominant and non-dominant pat-
terns. The researcher use the k-mean method classifi-
cation of features within dominant and non-dominant
patterns of CNN. This study used hand data as 100
images and a non-hand dataset as 100 images. Fig-
ures 10 and 11 show the results of the k-mean clas-
sifier of the dominant and non-dominant patterns.



Improving the Performance of CNN by Using Dominant Patterns of CNN for Hand Detection 271

(a) (b)

Fig.9: Features of CNN (a) non-dominant patterns of CNN and (b) dominant patterns of CNN.

Fig.10: Demonstrating classification of hand and non-hand data within dominant patterns of CNN by using
k-mean.

Fig.11: Demonstrating classification of hand and non-hand data within non-dominant patterns of CNN by
using k-mean.
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Fig.12: Comparison of accuracy between CNN and DP-CNN with ELM with various α and l.

Fig.13: Comparison of F1-score between CNN and DP-CNN with ELM with various α and l.

Fig.14: Dominant and non-dominant patterns by using α = {-0.003, -0.002, -0.001, 0, 0.001, 0.002, 0.003}.
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Fig.15: Comparison of training time between CNN and DP-CNN with ELM with various α and l.

The features within the dominant pattern that can
describe differences between hand and non-hand im-
ages are explicitly better than those within the non-
dominant way. Therefore, the non-dominant pattern
affects misclassification. Meanwhile, the dominant
pattern can adequately describe the difference be-
tween hand and non-hand images clearly, which can
increase performance in the classification stage.

5.2 DP-CNN with ELM experiment results

To evaluate the performance of the proposed
method (DP-CNN-ELM), the authors perform the
experiments with DP parameter values of α = { -
0.003, -0.002, -0.001, 0, 0.001, 0.002, 0.003} and l={5,
10, 15, 20, 25, 30}.

Figures 12 and 13 present the result of the pro-
posed method by using the accuracy and the F1-
score. Using l = 5 gives the highest accuracy and
an F1-score of α = 0.003. In addition, all α and l
give higher accuracy and better F1-scores than CNN.
Figure 14 demonstrates different values of dominant
patterns (blue color) and non-dominant patterns (red
color) using k = 15 and l = 5. Most dominant values
give values higher than the decision value when us-
ing α = -0.003, -0.002, -0.001, 0, 0.001, 0.002, 0.003.
Therefore, the α values don’t affect the performance
of the proposed method. However, changing α to an-
other value affects the performance of the proposed
method. For example, if one assigns α = 0.2 with
the dominant patterns consisting of k = {7, 12}, this
may reduce or increase the performance of the pro-
posed method.

Furthermore, the proposed method uses training
times faster than CNN, all α and l: the result shown
in Fig. 15. Figure 16 compares the number of features
of CNN and the proposed method. The proposed
method reduces the number of features to more than

50 percent of CNN.
The proposed method ignores non-dominant pat-

terns of CNN. Therefore, the proposed method gives
high accuracy, F1-scores, and fast computation in
the training and testing stages which are better than
CNN.

Fig.16: Comparison of the number of features of
CNN and DP-CNN with ELM using l = {5,10,15}.

6. DISCUSSION

In this section, the researchers apply the proposed
method in its application and compare it with R-
CNN, faster R-CNN, and a Feature-Map-Fused Sin-
gle Shot Multibox detector (FF-SSD) [39] methods
on the Egohand database and Oxford database. The
comparison uses average precision (AP) value.

The proposed method uses l=5 and α=0.003,
which is the highest performance from section 5. The
researchers use selective search[34] for segmenting ob-
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Fig.17: Applying the proposed method in the applications.

jects from a frame. Then each object comprises ex-
tracted features from CNN and selected dominant
patterns. Finally, the ELM classifies these dominant
patterns. Figure 17 shows the steps of the proposed
method for use in applications. The proposed method
gives an AP higher than R-CNN and faster than R-
CNN within the Egohand database. As such, R-
CNN and faster R-CNN are non-dominant features
of CNN, while the proposed method ignores these
features. However, within the Oxford database, the
proposed method gives AP less than FF-SSD [39]
and SF-FCNet [24]. Because of this, the Oxford
database consists of complex backgrounds and var-
ious hand gestures. Table 1 shows the result. There-
fore, the proposed method suitable for hand detec-
tion is with a simple background. However, the pro-
posed method performs better than Faster R-CNN
in Egohand and Oxforad databases. In addition, the
proposed method does not require expensive GPUs,
thus reducing the cost to the users. Since the pro-
posed method can reduce the redundancy features of
CNN by the DP method. Also, using ELM as a clas-
sifier can make simple computations within the fully-
connected layers.

7. CONCLUSIONS

Hand detection is a vital pipeline task for many in-
teractive human-hand-to-software or robotic applica-
tions. Most current research uses CNN-based models
for hand detection because they produce high perfor-
mance under varying conditions. This paper presents
the weak point of CNN, which consists of similar fea-

Table 1: Comparison of average precision (AP) be-
tween the different methods using the Oxford hand
dataset and Egohand dataset.

Model Oxford Egohand
R-CNN [40] 42.3 52.27
Faster R-CNN [35] 55.7 50.00
FF-SSD [39] 73.7 83.9
SF-FCNet 84.1 89.40
Proposed Method

65.72 89.58
(DP-CNN-ELM)

tures between hand and non-hand images. These fea-
tures of CNN affect the performance of classification
and time computation for hand detection. There-
fore, this study has selected the dominant patterns of
CNN features and has discarded their non-dominant
features. The dominant patterns of CNN features
can discriminate between hand and non-hand objects
within images to a greater degree. The DP-CNN us-
ing an ELM classifier can increase the performance
of CNN, consisting of accuracy, F1-Score, and time
computations. R-CNN and Faster R-CNN are famous
for hand detection. The authors compare DP-CNN-
ELM with these methods. The result of DP-CNN-
ELM gives better results than R-CNN and faster re-
sults than R-CNN. In future work, the authors shall
apply DP-CNN to reduce the number of training im-
ages while using data augmentation [41][42], which is
known to increase the computational cost [43] more
than selecting features.
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