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n UAV-based monitoring for smart farms, one of the core

tasks in the detection of farmers is the extraction of object-

specific features sufficient to emphasize them from the

vegetative environment. This article presents the

evaluation of recent deep neural network architectures that
can be assimilated as automated feature extractors for binary
classifiers instead of being standalone. Seven classifiers are first
evaluated to find the best candidate for the hybrid network which
consists of cascaded DNN and binary classifier models. Support
Vector Machine performed best on the farmer dataset (FDS)
among the others based on F1-score: naive bayes, tree classifier,
linear discriminant, logistic regression, kNN, and various
ensembles. For the selection of feature extractor, a Pareto
analysis based on the following selection criteria is conducted:
accuracy, precision, recall, F-measure, number of parameters,
and the model size. From the 11 deep neural networks
considered, only 10 are integrated with the SVM classifier.
GoogleNet is excluded from the Pareto analysis since prior
experimentation proved it to be performing better as a
standalone classifier than as a feature extractor. But, the rest of
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the group has improved the classifier performance significantly
when used as a feature extractor for the SVM classifier. ResNet-
18 is identified as the most balanced feature extractor for linear
SVM in terms of feature-length, performance on both INRIA
and farmer dataset (FDS), the number of layers and parameters,
and model size.
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INRODUCTION

In recent years, precision agriculture has proven to provide
greater yield, reliable information in support for efficient
decision-making by growers, and tools for optimized use of
resources and labor. Precision agriculture is a management
concept that is used to determine what is needed, where it is
needed, and when it is needed on the farm. Several platforms are
used to collect data necessary to instigate any action about
managing a farm, one of which is the use of Unmanned Aerial
Vehicles (UAV) (Radoglou-Grammatikis et al., 2020). There is
plenty of UAV uses in precision agriculture such as crop health
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monitoring, weed estimate, and plant defect detection
(Boursianis et al., 2020; Tsouros et al., 2019; Zhang et al., 2019).
UAV can collect more accurate data than satellite-based
methods, can provide high-resolution spatial data, and can
maintain actionable temporal frequency (can be used anytime in
user’s will) about field crop status (Norasma et al., 2019), which
can improve the performance of crop monitoring systems
(Tsouros et al., 2019). Drones can also be used to monitor
farmers working in fields to maintain efficient use of labor.
Human detection is the central concept in farmer activity
monitoring using UAVs. In such a system, trust regions that may

contain persons or farmers are identified before human detection.

This allows for faster and more accurate detection. However, the
relatively small figure of human in aerial images pose a
significant challenge in automated detection of farmers.

For the past decade, there have been a plethora of human
detection algorithms proposed for various applications such as
search and rescue (Lygouras et al., 2019), surveillance
(Guezouli et al., 2018; Liu et al., 2016; Mukilan & Wabhi, 2015;
Noaman et al., 2016; Varga & Sziranyi, 2017), and crowd
counting (Ma et al., 2018; Siva et al., 2016; Yang et al., 2018).
Most of these approaches are based on images captured with
both the subject and the camera near and relatively on the same
level concerning the ground. For human detection in overhead
view images, the main challenge lies in the high variability of
human figures in a pose, orientation, scale or size, and garments.
Also, the environment can provide additional complexity in the
detection. Due to this inherent complexity in the human
detection problem in the overhead view, the design and process
of feature extraction and selection have a very significant role in
the improvement of the human detection algorithm.

Feature extraction is the process of mining significant
information from an original dataset and uses that information
instead of the original data to decrease the resources needed for
processing (Zebari et al., 2020). The process of feature
extraction includes the intrinsic measurement of essential
attributes of the research target, quantization of these
measurements, and symbolizing the measurements to form a
vector or string and feature map (Gong et al., 2019). Specific to
the application of human detection, it is desired that the feature
extractor be translational invariant to handle the spatial location
of a person on the image. Also, the robustness of feature
extractor in terms of the camera views used in the acquisition of
the dataset is very much desired. Handcrafted features often
specific to a domain and loses their discriminative properties on
a different application (AlDahoul et al., 2018). Also, to design
these features, an expert on the process of feature engineering is
needed. On the other hand, automatically generated features
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through learning can be beneficial when the expert knowledge
on feature engineering is not available.

In this article, the ability of deep neural networks to generate
feature maps automatically is exploited and integrated with a
well-known classifier such as a Support vector machine. The
objective of such an experiment is to automate feature extraction
without having to re-train deep neural networks unlike that of
autoencoders (Bisong & Bisong, 2019; Dario et al., 2018) and
determine which model best fits to perform as a feature extractor
for linear SVM. Eleven deep neural networks were considered
namely, GoogLeNet (Szegedy, Liu, et al.,, 2015), AlexNet
(Krizhevsky et al., 2012), ResNet -18, -50 and -101 (He et al.,
2016), VGG -16 and -19 (Simonyan & Zisserman, 2015),
Inception V3 (Szegedy et al., 2016), Inception-ResNet V2
(Szegedy, Wei, et al., 2015), SqueezeNet (Iandola et al., 2016),
and DenseNet-201 (Huang et al., 2017). This group of deep nets
includes both the largest and smallest models and the most and
least accurate.

The present work provides a comparative evaluation of 11 CNN-
based networks for a specific task of human detection. The
comparison is based on the following grounds:

1. The performance of various CNN-based models
for human detection on raw UAV captured
images. Instead of using hand-picked features,
the feature maps generated by CNN-based
models are utilized.

2. The effects of integrating deep neural network
model as a feature extractor to the performance
of an SVM classifier measured in accuracy,
precision, recall, and F- measure; and,

3. The best suited deep neural network (DNN) as an
automated feature extractor for SVM classifier in
application to human detection among the most
recent architectures of DNN.

The rest of the paper is arranged as follows: Section 2 describes
the methods used in experimentation; Section 3 presents and
discusses the results; and, Section 4 provides the significant
findings and the conclusion.

METHODS AND MATERIALS

Videos recorded via aerial monitoring are translated directly into
frames before analysis. A human detection system is a three-tier
process composed of region proposal, feature extraction, and
classification (Figure 1). Each frame is subject to region
proposal via Radial-Greed Algorithm (RGA) to isolate trust
regions for a potential human figure (De Ocampo & Dadios,
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Figure 1: Visualization of the data flow starting from the-input image represented as U[0,1]° vector. Three major steps on the human detection
process include Region proposal (via RGA), feature extraction (via DNN), and classification (via SVM).

2019). This serves as the preprocessing of the input for the
hybrid network. The cropped image from the region proposal is
then passed to the hybrid network where the inference occurs.
The conversion of the input image from RGB color space to a
two-class prediction is described wherein the highlights feature
generation is also presented. Instead of directly using the RGB
version of the input image, RGA performs RGB-to-Lab
conversion followed by chromaticity rectification to emphasize
non-vegetative objects within the aerial image. Geometric
features of the blobs present in the resulting image are calculated
to identify the probability of annexation of a certain blob to a
human figure. If the probability is high, then the region is
proposed as a region-of-interest (ROI) for human detection. The
RGB image, Ircs in (eq. 1), is cropped to the defined boundary
[x, ¥, w, h] of the proposed ROI where (x, y) is the pixel position
of the crop origin while w and h are the width and height
respectively. The cropped image /. is fed to the convolutional
layer of the hybrid network. In general, the convolutional layer
performs 2-dimensional convolution which generates a feature
map, s(i,j) in (eq. 3). The dimension of the resulting vector from
convolution on any layer /, FL; in (eq. 4), is a function of the
dimension of the output of the previous layer (/-1) and the
channels (n¢) or the size of the filter f.

In selecting the binary classifier that will serve as the inference
module for the hybrid network, seven classifier models are
evaluated. The conventional HOG features of the farmer dataset
are used in evaluating the binary classifiers based on the F1-
score. Once the inference module of the hybrid network is
identified, the CNN-based feature extractor is selected using
Pareto Analysis.

To determine which deep learning model can perform best as an
automated feature extractor for the binary classifier, several
metrics are considered. Conventional metrics such as precision,
recall, accuracy, and Fl-score, are used to quantify the
performance of the data classifiers (Brown, 2018). Feature-
length, model size, number of layers, and number of parameters
are arbitrarily chosen to contrast the dimensions of a classifier
versus its performance. Feature-length is the first identified
metric for evaluating deep nets configured for feature extraction.
Specific to the application of the hybrid network in farmer
detection, the feature extractor that generates the least number
of descriptors without compromising the discriminative
characteristics of the feature set ought to be the best choice, since
the larger the dimension of the data, the longer the training time
required for the classifier (Zebari et al., 2020).

Classifier performance when used with the DNN-based feature
extraction is also considered in the selection process. The ability
of the feature extraction technique to generate a feature vector
that can emphasize the characteristics of a certain class over the
others is manifested by the performance of the classifier onto
which the extraction technique has been implemented. Aside
from the dimension of the feature vector and the performance of
the classifier when such a feature set is employed, the number of
layers as well as the number of model parameters are also
considered in implementing a deep model as a feature extractor
for the binary classifier (Wiatowski & Boélcskei, 2018). To
validate the improvements when deep nets are used as feature
extractors, the performances of standalone deep neural network
classifiers are compared to their corresponding hybrid network.
The training and evaluation of DNN models as standalone
classifiers for person detection performed on the two datasets
INRIA Person Dataset and Farmers Dataset employ the concept
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Table 1: Number of sample images used in training and testing
human detection classifier. Positive refers to image containing
persons / farmers while Negative means otherwise.

dataset Training Testing

Positive Negative Positive Negative
INRIA! 614 1218 288 453
FDS? 5038 3433 2812 1912

" = INRIA Pedestrian / Person Dataset (variable poses of samples),
2 = Farmers’ Dataset (UAV-captured, overhead poses only)

Load pretrained Replace classification
deep net layer with SVM
Classification SVM works
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Figure 2: Overview of integration of deep neural network model
with support vector machine classifier. SVM classifier is trained
using the feature maps generated by the early layers of the DNN
model.

of transfer learning. The performance metrics used to evaluate
DNN models as standalone classifiers include precision, recall,
and F1-scores in the classification task. Two datasets were used
in the training and evaluation of the deep learning models:
INRIA Persons Dataset (Dalal et al., 2005) and FDS (De
Ocampo & Dadios, 2019) datasets (Table 1). INRIA is
composed of 2,573 images of persons on different backgrounds,
clothes, and multitude; while, FDS contains the 13,195 aerial
images of farmers working in crop fields. The datasets are
divided into two subsets; training and testing. The classes on
each subset are labeled as Positive and Negative. Images with
person/s in it belong to the Positive class while otherwise belong
to the Negative class.

Seventy percent of each of the 2 datasets were used for training
the hybrid network while the remaining fraction was used for
testing. The concept of transfer learning (Dario et al., 2018; Tan
et al., 2018) is employed since all of the deep learning models
used for feature extraction are already pre-trained on the
ImageNet dataset. The idea here is to replace the inherent
classification layers of each deep learning network with the
binary classifier trained to the specific task of human detection.
Since the feature vectors are all extracted from the last layer
before the classification, the length of the feature descriptor is
variable with the size of activations of the deep network models.

Table 2: Evaluation of several binary classifiers for the selection
of the inference module of the hybrid network.

Classifier Precision  Recall F1-Score

Naive Bayes 97.20 96.80 97.00
Decision Tree 92.10 92.10 92.10
Linear Discriminant 98.80 97.60 98.20
Logistic Regression 98.20 97.50 97.85
SVM 99.10 98.40 98.75

KNN 97.60 95.70 96.64
(REG‘SS;‘EE::: 0 9730 97.50 97.40

b. INRIA

Figure 3: Random sample images from Farmers Dataset (a) and
INRIA datasets (b). FDS contains 13,195 overhead images of
farmers while 2,573 images from INRIA are considered.

The integration of the selected deep neural network model to the
binary classifier is straightforward (Figure 2). Early layers
assigned for learning the salient features are frozen or
maintained as is. Instead of passing the feature map generated at
the early layers to the classification layer of the deep learning
network, the later layers of the neural network are replaced with
a binary classifier that receives the feature vector. The binary
classifier works as the inference layer for the deep net and learns
the task-specific features. The trained hybrid network is
evaluated and assessed accordingly.

RESULTS AND DISCUSSION

In experimentation, two datasets were used: INRIA and FDS.
The image sizes were originally variable but are resized
according to the deep net input requirements. For example, the
original image of 240 x 240 from FDS is resized to 224 x 224 to
meet the specifications of the input of GoogLeNet while the
same image is resized to 227 x 227 to fit AlexNet. Aerial images
in FDS are all overhead poses while the INRIA dataset contains
multiple poses (Figure 3). Classification becomes more
challenging with the use of the INRIA dataset due to the
distortion caused by resizing the images.

Selection of the binary classifier for the hybrid network
Seven binary classifier models are evaluated in the selection of
the inference module for the hybrid network: naive Bayes, tree
classifier, linear discriminant, logistic regression, kNN, SVM,
and ensembles. The result of the evaluation for the inference
module suggests that SVM is the best candidate for the inference
module of the hybrid network (Table 2). The SVM classifier
yields an Fl-score of 98.75% on person detection using the
farmer dataset (FDS).
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Figure 4: Precision, Recall and F1-score of various deep nets operating as standalone classifier (top) and as feature extractor for hybrid
DNN-SVM (middle). Improvement on the classifier (bottom).

Table 3. Extraction layers in deep neural network (DNN) architecture where feature vectors are derived. FL = Feature Length or number of
elements in the feature vector.

M1 = GoogleNet, M2 = AlexNet, M3 = ResNet-18,

DNN Extraction Layer FL
M1 pool5-drop 7x7 sl 1024
M2 pool5 9216
M3 pool5 512
M4 avg_pool 2048
M5 pool5 2048
M6 pool5 25088
M7 pool5 25088
M8 avg_pool 2048
M9 avg_pool 1536
M10  relu convl0 392
M11  avg pool 1920

M4 = ResNet-50, M5 = ResNet-101, M6 = VGG-16,
M7 = VGG-19, M8 = InceptionV3, M9 = Inception-ResNetV2, M10 = SqueezeNet, M11 = DenseNet-201

Table 4. Principal component analysis on the DNN-generated features.
F1-score (at certain PCA Explained Variance)

DAN *Cl C2 C3 C4 C5 Cé6 C7 C8 C9 C10 C11
M2 98.15 92.06 92.19 94.11 94.70 95.21 95.40 96.00 96.37 96.37 96.56
% % % % % % % % % % %
M3 98.65 98.21 98.58 98.66 98.58 98.50 98.50 98.50 98.50 98.58 98.53
% % % % % % % % % % %
M4 98.81 97.83 98.86 98.94 98.86 98.86 98.86 99.06 99.06 99.14 98.90
% % % % % % % % % % %
M5 99.22 97.95 98.90 99.10 99.02 98.90 99.02 99.19 99.10 99.14 99.06
% % % % % % % % % % %
M6 98.78 95.53 96.09 96.78 96.71 96.93 97.40 97.75 97.99 97.99 98.07
% % % % % % % % % % %
M7 98.90 94.86 95.86 96.40 96.44 97.01 97.28 97.52 97.59 97.91 98.18
% % % % % % % % % % %
M8 98.82 96.32 97.95 98.10 98.22 98.22 98.22 98.54 98.42 98.38 98.70
% % % % % % % % % % %
M9 98.09 97.34 97.33 97.49 97137 97.41 97.18 97.26 97.30 97.17 97.41
% % % % % % % % % % %
M10 85.53 84.36 84.22 84.60 85.53 85.24 85.40 85.46 85.70 85.67 85.80
% % % % % % % % % % %
Mi1 99.63 98.42 98.74 98.82 98.90 98.82 98.70 98.78 98.86 98.98 99.02
% % % % % % % % % % %

*: PCA Explained variance. C1 = 100%, 99%... C11 = 90%
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Table 5. Metrics / criteria used for Pareto analysis. All measurements are average values from INRIA and FDS datasets. GoogleNet (M1)
is excluded in the analysis because no significant improvement to classifier is possible when M1 is attached to SVM.

DNN C1 C2 C3 C4 Cs Cé
20% 20% 20% 20% 10% 10%
M2 9216 91.70 91.7 25 61 227
M3 512 95.94 98.9 72 11.7 44
M4 2048 97.35 98.1 177 25 96
M5 2048 97.34 98.9 347 44.6 167
Mé 25088 95.20 973 41 138 515
M7 25088 91.77 96.7 47 144 535
M8 2048 95.15 98.1 316 239 89
M9 1536 91.82 97.6 825 559 209
M10 392 92.95 98.2 68 1.24 4.6
Ml11 1920 98.23 98.9 709 20 77

Criteria: C1 = Feature length, C2 = Mean F1 — score in %, C3 = Accuracy in %, C4 = number of layers,
C5 = number of parameters calculated using the models, C6 = model size in MB (megabytes)

Effects of integrating DNN model as a feature extractor to
an SVM classifier

To determine how SVM performs when feature extraction is
automatically carried out by the DNN models, two separate tests
were conducted. First, deep nets were treated as independent
classifiers and evaluated accordingly. Second, the deep nets
were configured to perform as feature extractors and
individually attached to an SVM classifier. Precision, Recall,
and Fl-scores are then derived from classification results on
INRIA and FDS datasets.

The performances of the 11 DNN models used as stand-alone
classifiers are compared with performances of the hybrid DNN-
SVM using DNN models as feature extractors (Figure 4). As can
be seen, most of the deep nets perform better when integrated
with SVM. AlexNet, Inception V3, and InceptionResNetV2 are
among the DNN models which garnered the highest
improvements since their performances as standalone classifiers
are the lowest. However, this is not the case for GoogleNet
because its performance is reduced by 0.53 % when integrated
with SVM since it has performed well enough as a standalone
classifier.

Feature maps are extracted from the last layers before the
classification or fully-connected layers in each deep net (Table
3). As mentioned above, as the network depth increases, the
features generated become more translation-invariant — a
property of utmost importance when dealing with aerial images
where a translation of the same object in subsequent frames is
inevitable. Most of the extraction layers are pooling where no
additional parameters are calculated. However, in SqueezeNet,
the extraction layer is the immediate output of a convolution
module through the rectified linear unit since no pooling layer is
available before classification.

To characterize the extracted features based on redundancy,
Principal Component Analysis is performed on the DNN-
generated features. Table 4 shows the PCA results based on the
explained variance. It can be noticed that although the number
of features is reduced, the relative performance of the hybrid
network, respective of the DNN models used as feature
extractors, doesn’t change that much. It can be accounted for the
capability of SVM to emphasize the most significant features out
of the redundancies.
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Best deep network candidate for hybrid DNN-SVM

Pareto analysis is performed using six criteria to select the best
candidate for feature extraction. As stated earlier, GooglLeNet
configured as a feature extractor reduces the performance of the
hybrid classifier. For this reason, it is excluded in the selection
process since the main interest is to select the DNN model that
can work well with an SVM classifier.

Six selection criteria with corresponding weights are used in
Pareto analysis (Table 5). They are feature-length, mean F1 —
score, Accuracy, number of layers, number of parameters, and,
the model size. Typically, the volume feature maps extracted
from convolutional neural network layers from have dimensions
of [L x W x K], where L and W are the length and width,
respectively while D is the size of the kernel or filter. The
volume feature map is flattened to as 1D feature vector of length
equal to L x W x D elements. The mean F1 — score is derived
from precision and recall measurements using both data sets.
This criterion, as well as accuracy, is expressed in %. As can be
noticed only the criteria “Number of Parameters” and “Model
Size” have the 10% weight since these two are highly correlated
to one another. From the selection of deep nets, SqueezeNet is
the smallest in terms of the number of parameters and model size,
rendering the highest score in the Pareto. It only has 1.24 million
parameters and a memory footprint of less than 5 MB. In terms
of performance of hybrid DNN-SVM models, Fl-score and
Top-1 accuracy were used as selection metrics. Both F1-score
and Top-1 accuracy are the average performance on INRIA and
FDS datasets. ResNet-18, ResNet-50, and DenseNet-201
performed best in terms of accuracy achieving a nominal rate of
98.9 %, while DenseNet-201 topped in terms of Fl-measure
rendering a 98.82% score. Based on the number of layers that
include non-learning layers such as pooling, VGG variants have
the least; only 41 layers for VGG-16 and 47 for VGG-19.
Another important criterion in the selection process is the
feature-length which pertains to the size of the feature vector or
map extracted at the last layer before classification in a deep net
architecture. As shown, SqueezeNet and ResNet-18 have the
least feature dimension while VGG variants have the largest.
SqueezeNet generates a feature descriptor of 392 elements in
length. This is one of the important aspects of the feature
extractor since the speed of the inference of the SVM classifier
is somewhat affected by the length of the resulting feature from
the extractor. However, it would be difficult to identify the
optimal feature-length unless a feature selection method is
performed across the presented DNN models.

Based on the above-mentioned criteria, the results of Pareto
analysis suggest that ResNet-18 is the best candidate for feature
extraction when integrated with an SVM classifier. ResNet-18
performed well on each criterion used in Pareto (Figure 5).

CONCLUSION

There three main points that can be derived from the
experimentation. First, using a deep neural network as a feature
extractor for a classifier does not guarantee an improvement in
terms of classification performance. For example, GoogLeNet
may be better to work as an independent classifier than to use it
in feature extraction. Second, there are deep nets that when
integrated to an ML-based classifier can greatly improve in
classification tasks. AlexNet, Inception V3, and Inception-
ResNet V2 rendered a significant improvement in classification
upon implementing them with the SVM classifier since they
performed least as standalone classifiers. The last significant
point that can be derived from the results of experimentation is
the use of ResNet-18 as an automated feature extractor for linear
SVM. Although SqueezeNet may initially be the best option to
use because it has a smaller feature-length, it compromises on

Fl-measure and Top-1 accuracy because as the number of
descriptors is reduced, details of the input may be lost. This
trade-off must always be considered in the selection of deep nets
for feature extraction.
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