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Abstract. Deep learning has shown remarkable performances in im-
age classification, including those of plants and leaves. However, high-
performing networks in terms of accuracy may not be using the salient
regions for making the prediction and could be prone to biases. This
work proposes a neural network architecture incorporating handcrafted
features and fusing them with the learned features. Using hybrid fea-
tures provides better control and understanding of the feature space while
leveraging deep learning capabilities. Furthermore, a new IoU-based met-
ric is introduced to assess the CNN-based classifier’s performance based
on the regions focused on making predictions. Experiments over multi-
ple leaf disease datasets demonstrate the performance improvement with
the model using hybrid features. Classification using hybrid features per-
formed better than the baseline models in terms of P@1 and also on the
IoU-based metric.
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1 Introduction

Agriculture has been a vital pillar in sustaining civilizations. It plays an irre-
placeable role not just in feeding the populace but also in generating economic
value. In recent times, the agricultural yield has declined [1]. There is a grow-
ing interest in Precision Agriculture (PA) to maintain sufficient conditions of
the farm during the growth phase of the crop [36,8| and the imaging tools for
tracking the growth of the harvest and early detection of the crop diseases [28].
Effective designing of these tools leveraging Image processing techniques and
machine learning algorithms for plant disease detection is an active research
problem.

Traditional plant disease recognition algorithms used handcrafted features
containing a combination of shape, colour, and texture-based features. A shallow
classifier is subsequently used for the classification task [19]. Disease recognition
systems built on such algorithms were difficult to scale and generalize due to
the requirement of specific domain knowledge. Moreover, any change in imaging
conditions would impact the efficiency of the systems. On the other hand, neural
networks are capable of learning a data-specific feature space. Convolutional
neural networks have been used for plant disease recognition [25]. However, to
improve the baseline performance of the neural networks for a particular task,
either a large amount of data or a change in architectural design is needed.
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Fig. 1: This figure shows our proposed hybrid network. Convolutional block of
Inception-V3 network is used as CFE. Features from the HFE block are concatenated
and fed into FCNN for predicting output softmax scores.

Data fusion is a methodology where designed neural networks contain an
architectural provision to inject additional features at different layers of the
network [9]. We propose one such architecture to leverage handcrafted features in
the training process of the CNN. We compare the efficacy of our designed network
against other CNNs for plant disease classification. In addition, we compare the
performance of our network against the baseline networks on similar datasets to
show its efficacy on plant disease classification.

In a classification task, the algorithms are evaluated based on their ability to
predict an accurate label for a given input [14]. This is in contrast to object de-
tection tasks, where the algorithms are evaluated on their ability to localize the
predicted label in the input image along with their ability to predict an accurate
label. In this work, the necessity to integrate the localization capacity of the CNN
while assessing its efficacy on the task of object classification is presented. In tra-
ditional classification algorithms, handcrafted features are designed to primarily
encode the foreground object. This ensures that the shallow classifiers built using
such features would be using encoded foreground objects in their task. However,
CNN classifiers would select the feature space optimal for the classification task.
With no restrictions in place to regulate or assess this behaviour, these classi-
fiers might select a significant portion of the feature space from the background
objects [31]. Coupled with the tendency to generate train, validation, and test
sets to follow a similar data distribution would make it relatively complicated
to diagnose this issue unless tested on real-world data. Therefore, CNNs trained
on the classification task should be assessed on their ability to select the feature
space from the foreground object. Employing visualization techniques could alle-
viate this issue by providing a gateway to understanding the feature space of the
neural network with respect to an input image. We utilize one such approach to
analyze our CNN-based classifiers trained on the Plant disease recognition task
[35]. Further, we generate quantitative results to assert the importance of inte-
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grating the localization capacity of the network while assessing its classification
performance.
The contributions of this work can be summarized as follows:

— We propose a hybrid CNN architecture for plant disease recognition which
utilizes the data fusion technique to inject handcrafted features into the first
FC layer, allowing the CNN to learn the complimentary feature space to
improve the classification accuracy.

— We provide the quantitative and qualitative experimental results that show
the importance of assessing CNN classifiers on their ability to learn the fea-
ture space from the foreground object, along with the accuracy of predicting
labels.

2 Related Works

Earlier works on plant disease detection performed the task by selecting the fea-
tures by Molecular techniques [34, 32, 24]|. These methods did not provide real-
time feedback on the health of the plant. Features extracted from non-invasive
methods like spectroscopy, and imaging techniques [6,29, 33] have provided an
opportunity to develop and deploy systems that can be used to assess the health
of a plant in real-time. While able to identify plant diseases in real-time, these
techniques have a heavy cost factor associated with the equipment needed to
collect the data. A picture-based analysis has been proposed to identify plant
diseases that have visible parts of the symptoms. These approaches usually col-
lect image data using mobile phones [17]. Hand-crafted features are extracted
from the images using classical image-processing techniques. These features in
general are comprised of colour, shape, texture [27], a combination of the above
[19,41, 30, 38]. These features are combined with shallow discriminative classi-
fiers to perform plant disease recognition [19, 18, 30, 3§].

The classification pipelines built with hand-crafted features rely heavily on
the prior knowledge of the task and dataset. Selecting a task-specific feature
space or a classification algorithm takes tedious effort. To tackle these con-
straints, convolutional neural networks have been used for plant disease recog-
nition [4, 5, 25,39]. CNNs optimally select the feature space specific to the task,
hence alleviating the task of feature selection [23]. In addition, when integrated
with the training pipeline, the data augmentation framework increases the gen-
eralizability of the network [21,13].

Although CNNs can learn optimal feature space, outperforming shallow clas-
sifiers built on hand-crafted features, they still lack the controllability of such
learned space. Ensemble networks tackle this issue by combining the features ex-
tracted from the FC layer of the CNN with the hand-crafted features and feeding
them into a shallow classifier [10]. However, in these types of architectures, CNNs
do not learn a feature space that works along with the hand-crafted features
since the network weights are not optimized after data fusion. To address this,
data fusion techniques have been proposed that concatenate the hand-crafted
features with the FC layers of a CNN at different levels of abstraction [9]. We
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Diseased

Fig. 2: This figure shows images of leaves belonging to 12 healthy plant species. Rows
1, 3 show the images from PlantVillage Colour(PVC) and rows 2, 4 show their coun-
terparts from PlantVillage Segmented (PVS) dataset

propose a network along a similar approach to show the efficacy of the data
fusion techniques for leaf disease recognition.

Accuracy, Precision@K, F score are some of the metrics used to obtain the
efficacy of the models trained on the classification task [14]. Contrarily, models
trained on object detection tasks include IoU to assess the localization behaviour
of the model along with its classification capability. Enhancements have been
made to the evaluation metrics of the object detection task [15,42]. During
inference, these methods return a confidence score by weighing classification
accuracy with an IoU score. We propose using a similar metric for evaluating the
models trained on the classification task. For a generation of the object mask
to calculate IoU, we use the class-activated mapping obtained by Grad-CAM
[35] to identify the salient regions in an image for a prediction. These salient
regions are then thresholded at different values to obtain the object masks |3,
43]. In order to establish the necessity of modifying the evaluation methodology
of classifiers, we provide qualitative and quantitative results demonstrating the
utility of the proposed metrics.

3 Dataset

To validate the efficacy of the proposed hybrid pipeline, we compare its per-
formance over datasets that are composed of images of diseased leaves. These
datasets are described below.

PlantVillage dataset: The PlantVillage dataset is a corpus containing 54K
images of healthy and unhealthy plant leaves. The dataset is divided into 38
different plant-disease pairs. Images in these classes belong to 16 plant species
and contain 26 leaf diseases. Every image in the PlantVillage dataset contains a
single leaf in three different configurations, Color, Segmented, and Grayscale.

Plant Pathology: Plant Pathology Dataset [7] contains leaf images of twelve
plants in healthy and diseased conditions. It consists of 4503 images (2278
healthy; 2225 diseased). Overall, a total of 22 classes are available for a classifi-
cation task. All the leaf images were collected from March to May in a controlled
environment.
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PlantDoc: PlantDoc [37] is a publically available dataset introduced in 2020.
It covers 13 plant species through 2,598 images across 27 classes (10 healthy; 27
diseased) for image classification and object detection tasks. In contrast to the
Plant Village dataset and Plant Pathology Dataset, where the images are taken
in a controlled environment, the images in PlantDoc are curated from natural
settings containing multiple leaves against different backgrounds and varying
light conditions.

DiaMOS Plant: DiaMOS Plant [11] is a dataset of images of an entire
growing season of pear trees (Cultivar: Septoria Piricola), from February to July,
under realistic field conditions in Itlay. It comprises 3505 images, including 499
fruit images and 3006 leaves images.

4 Methods

Our proposed hybrid network utilizes data fusion techniques between two com-
ponents - a convolutional neural network and a handcrafted feature extractor.
In this section, we use the term Convolutional Feature Extractor (CFE) for the
convolutional block of the neural network. The handcrafted feature block that
extracts a set of pre-defined features from an input image is termed Handcrafted
Feature Extracter (HFE). The fully connected block of the neural network is
referred to as FCNN.

An overview of the hybrid network is given in Fig. 1. Features obtained from
CFE and HFE are concatenated into a feature vector for an input image. This
feature vector is fed into FCNN to obtain the classification result.

4.1 Handcrafted feature extractor (HFE)

For an input image, 258 features are extracted by the HFE. They contain 120
colour, 54 morphological, and 84 texture features. These features are concate-
nated to obtain a 258-dimensional feature vector. A batch normalization layer
normalizes this feature vector.

Colour features are obtained by processing each channel of the RGB and
HST colour space. Each color channel’s mean, standard deviation, minimum, and
maximum intensity values are computed. Each channel is further processed to
obtain a 16 binned histogram from 256 gray levels. All the obtained features are
united to generate a 120-dimensional colour feature vector.

Morphological features include area, perimeter, major axis length, minor
axis length, minimum radius, seven Hu moments, area of the convex hull, so-
lidity, and Fourier descriptor composed of 20 harmonics. Fourier descriptor was
obtained on the contour of the binary image. All the obtained features are united
to generate a 54-dimensional morphological feature vector.

Texture features are extracted from the image’s Red, Green, Blue, and
Grayscale channels. They are composed of properties of gray level co-occurrence
matrix(GLCM) and 13 Harlick features. Each of the channels is quantized to
32 intensity levels prior to the extraction of features. From the GLCM obtained
for each channel, mean, standard deviation, contrast, correlation, homogeneity,
dissimilarity, energy, and Angular Second Moment(ASM) are extracted. All these
obtained features are united to generate an 84-dimensional texture feature.
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4.2 Convolutional Feature Extractor (CFE)

We use the Inception-v3 [40] to build our CFE. We remove the final FC layer
of the Inception-v3 to obtain the feature vector. This 2048 dimensional feature
vector is extracted after the Average pooling layer. We use the PlantVillage
dataset to explore plant disease recognition in this work. The disease parts in
the images are not restricted to a particular size. Multi-scale convolutions in
Inception-v3 will encode these saliency regions for better classification. Further,
CFE composed of convolutional blocks of Inception-v3 will better establish the
efficacy of our proposed hybrid model against the baseline.

4.3 Fully Convolutional Neural Network (FCNN)

Features extracted from the CFE and HFE are concatenated to form a 2316
dimensional feature vector. This feature is fed into FCNN to obtain the classi-
fication prediction. Our designed FCNN is composed of three Fully-Connected
layers. The first and second FC layers are composed of 256 and 128 neurons,
respectively, while the third FC layer is composed of ¢ neurons, where ¢ denotes
the count of unique class labels in the classification task. Each of the first two
FC layers is followed by a ReLU activation layer and a dropout layer for regu-
larization. A softmax layer follows the third FC layer to perform classification.

4.4 Model validation

We validate the models trained for Plant disease classification using PQK and
IoU. After the convolutional networks are trained, we use GradCAM |[35] to
obtain the heatmaps. These heatmaps are used as the predicted localization
masks for the foreground objects. The localization mask is thresholded at k
where k € (0,1) to convert into the binary mask. The obtained binary mask
is used to compute Intersection over Union (IoU) scores at a threshold of k.
We evaluate the performance of the classification model using IoU based on the
underlying assumption that the features used in a classification task should be
obtained from the foreground objects in an image.

5 Experimental setup

Our experiments are composed of two tasks: finding an optimal network for
the classification of plant diseases and evaluating the trained network using the
gradient-activated heatmaps. To find the optimal network, first, we compare the
classification performance of the proposed Inception-V3 hybrid network with
the baseline Inception-V3 network. Further, we experimented with networks be-
longing to the ResNet family. All these networks are trained on the PlantVillage
datasets (PVC, PVS) and pre-trained on the ImageNet dataset. Moreover, to fur-
ther validate the proposed approach, multiple other datasets curated for plant
diseases were used for experimentation. To explore the significance of in-domain
dataset, the pretraining was done on the Imagenet or PVC dataset.

The datasets are split into train, validation, and test sets by keeping their
ratio at 60:20:20. The batch size across all the experiments is set to 24. We use
Stochastic Gradient Descent (SGD) as an optimizer with a momentum of 0.9.
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Model PQ@1
PVC PVs Model P@il - PVC
Inception-V3(baseline)| 99.3400 | 99.2500 AlexNet [12] 99.44
Resnet18 99.5672 | 99.3463
esne VGG [12] 99.53
Resnet34 99.4383 | 99.2600
MobileNet [20] 98.65
Resnet50 99.6133 | 99.3739
Resnet101 99.7145 | 99.4568 EfficientNet B5 [2])  98.42
Resnet 152 99.7422| 99.3463 CNN-RNN [22] 98.77
Inception-V3 hybrid | 99.7330 {99.5580

Table 1: The table shows the PQI1 val-  Table 2: P@1 values obtained by other
ues of different models on the two configu- works on PlantVillage dataset. [12] has
rations of PlantVillage dataset. Resnet152 reported the highest test accuracy of
outperforms the rest of the models in the 99.53.

PVC configuration with P@1 of 99.742.

Inception-V3 Hybrid outperforms the rest

of the models in the PVS configuration with

P@1 of 99.558

We keep the learning rate as 0.01 for networks belonging to ResNet architecture
while we keep the learning rate of 0.005 for the Inception-V3 hybrid network.
The learning rate is decayed by a factor of 0.1 for no improvement in validation
loss for ten consecutive epochs.

We evaluate the trained networks under the fair assumption that a neural
network needs to look at the foreground object of interest while classifying an
image into a particular class. We generate the gradient-activated heatmaps uti-
lizing the GradCAM network. These heatmaps represent the areas of interest in
an input image identified by a network for a predicted class label. To obtain the
binary masks, we threshold these gradient activations at bins ranging from 0 to
1. These binary maps are used to generate IoU scores across the multiple thresh-
old values. We use this metric to evaluate the focus of the network. The results
generated are presented in Table 4 and are further discussed in the following
section.

6 Results

To show the efficacy of the proposed hybrid model, we compared it with dif-
ferent classification networks. Table 1 shows the obtained P@1 scores for the
classification part of the experiments. All the tested models have a better PQ1
compared to the baseline model in both configurations of the dataset. Resnet-
152 has the best top P@1 accuracy in the PVC configuration of the dataset(P@1
= 99.74). Inception-V3 hybrid has the best accuracy in the PVS configuration
of the dataset(PQ@1 = 99.56). Models trained on PVC configuration have higher
P@1 when compared to their counterparts trained on PVS configuration of the
dataset by a considerable margin.
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. Model
Dataset Pre-trained - - -
Inception-V3|Inception-V3 hybrid
. ImageNet 82.72 [11] 88.52
Diamos
ImageNet + PVC 89.02 89.33
ImageNet 41.10 51.69
plantDoc
ImageNet + PVC 29.73 53.81
I N 46. 1.
plantDocDetection mageNet 6.67 [37] 61.5
ImageNet + PVC| 62.06 [37] 67.92
I Net 4.55 [1 .
Plant Leaves mageNe 94.55 [16] 98.56
ImageNet + PVC 98.82 99.16

Table 3: The table shows the P@1 values obtained on multiple plant disease datasets
using Inception-V3 (baseline) and Inception-V3 hybrid (proposed) networks. It can be
noted that our proposed hybrid methodology outperforms the baseline reported. Pre-
training on the domain specific PlantVillage dataset (PVC) improves the P@1 of the
models

The comparison between the baseline Inception-V3 architecture with the
proposed Inception-V3 hybrid approach across multiple plant disease datasets is
presented in Table 3. It can be observed that our proposed hybrid model out-
performs the baseline model for all the datasets. The difference in performance
for the plantDoc and plantDocDetection detection datasets is most pronounced.
Pretraining on the domain-specific dataset PVC yielded much better results than
the pretraining on the ImageNet dataset.

Models trained on both dataset configurations are further interpreted using
GradCAM architecture. Figure 5 shows the results obtained on healthy and
unhealthy leaves. These heatmaps are generated from the last convolutional layer
of each trained network in Table 1. This is done under the fair assumption that
these layers feed directly into the softmax layer, which acts as a final classifier.
The figure contains six rows of sub-figures; the odd positioned rows(1, 3, 5)
have images from PVC configuration, while the even positioned rows (2, 4, 6)
have their counterparts from the dataset’s PVS configuration. These results were
obtained to infer the model behaviour with respect to a classification; to find the
parts of the leaf which the network is using to identify a particular plant-disease
combination.

The heatmaps generated by Grad-CAM are used to convert the obtained
qualitative results in the Figure 5 into quantitative results. These results are
presented in Table 4. For a particular classification task, we assess the perfor-
mance of the classification model based on the percentage of foreground regions
chosen to classify an image. The Grad-CAM heatmaps are converted into binary
masks at ten threshold ranges from 0 to 1. These are treated as the predicted bi-
nary masks. For the ground truth, we utilize the PVS configuration of the dataset
to generate binary masks. We calculate IoU scores at each of these thresholds for
different networks on both dataset configurations. Figure 3 shows the obtained
results across different threshold values. We use the obtained IoU values to quan-
tify the model performance in two ways. First, we measure the IoUQFk to show
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PVC PVS
Model IoU@0.5|meanloU|IoU@0.5 meanloU
Resnet18 0.5125 0.3801 0.4747 0.3715
Resnet50 0.0666 0.1016 0.0919 0.1223
Resnet101 0.2174 0.2204 0.2905 0.2646
Resnet152 0.2572 0.2433 0.2821 0.2627
Inception-V3 hybrid| 0.5468 | 0.3986 | 0.5031 | 0.3771

Table 4: The table shows the IoU values obtained between heatmaps generated by
Grad-CAM with foreground binary mask. IoU@OQ.5 represents the scores when the
Grad-CAM is thresholded at 0.5. Mean IoU scores are obtained by taking the mean of
ToU across different threshold values. In both PVC, and PVS configuration of the data,
Inception-V3 hybrid outperforms all other models in [oU@Q.5 and mean IoU scores.

the network performance in being able to identify the foreground with higher
values. Following the standard norms, we select £ = 0.5. Second, we calculate
the mean IoU values obtained by averaging the IoU at different threshold values
to evaluate the model performance across the range of 0 to 1. From Table 4, it
is evident that the Inception-V3 hybrid network outperforms all other networks
across [oU @k and meanlou metrics. For PVC dataset configurations, Inception-
V3 hybrid has ToU@Q.5 of 0.5468 and meanloU of 0.3998. For PVS dataset
configurations, Inception-V3 hybrid has ToU@0.5 of 0.5031 and meanloU of
0.3771. Both ToU@0.5 and meanlIoU values of the Inception-V3 hybrid network
are higher for PVC when compared with the PVS configuration of the dataset.

We conducted the above analysis on the scan-like plant leaf datasets, Swedish-
leaf, Flavia, Leafsnap, MEW-2012, and MEW-2014 datasets reported in [26]. We
use the ResNet-101 trained on these datasets and Grad-CAM methodology to
obtain the foreground heatmaps. By following the above-explained procedure,
we generate JoU@O0.5 and meanloU scores. The results obtained are reported in
Table 5 and Figure 4. Swedish-leaf, Flavia, and Leafsnap have IoU@0.5 < 0.06.
The IoU of the MEW-2014 dataset is 0.24, which is more significant in compar-
ison to its subset, MEW-2012, having an IoU of 0.20. It should be noted that
the ResNet-101 models used to generate the heatmaps are trained individually
on each dataset. The accuracy of each of these models is above 97%.

6.1 Discussion

Different models are trained on both PVC and PVS configurations of the datasets.
ResNet-152 in the PVC configuration and Inception-V3 hybrid in the PVS con-
figuration outperform the rest of the models. We observe that all the models
that we trained outperform the baseline model. It can also be noted that the
Inception-V3 hybrid underperforms ResNet-152 in PVC configuration by a mar-
gin of 0.009%. The same network outperforms the second-best ResNet-101 on
PVS by a margin of 0.1%, which hints at the efficacy of our hybrid model in the
datasets having a similar structure to PVS.
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(a) PVC (b) PVS

Fig. 3: This figure shows the IoU scores for ResNet-18, 50, 101, 152, Inception-
V3 hybrid networks on threshold values ranging from 0-1. In PVS configura-
tion, Inception-V3 hybrid has higher IoU scores across all threshold values. In
PVS configuration, At lower threshold(< 0.5) ResNet-18 has higher IoU scores
whereas at higher threshold(> 0.5), Inception-V3 hybrid has higher IoU scores.

To validate this, the Inception-V3 hybrid is tested on the plant disease
datasets against the baseline Inception-V3 architecture as shown in Table 3.
The hybrid model outperforms the baseline model in each of the datasets. More-
over, the improvement of P@1 when the models are pre-trained on PVC indicates
that domain-specific initialization of the weights is a suitable way to obtain per-
formance gains during training. The obtained results outline the efficacy of the
proposed methodology over plant disease datasets.

It should also be noted that models trained on PVC outperform their coun-
terparts trained on PVS, as shown in Table 1. Figure 2 shows the key difference
between both configurations to be the presence of non-zero valued background
in PVC and zero-valued background in PVS. Stating that the background is
helping the network in making better classifications would be a fair conclusion
in this scenario where the classifiers trained on the PVC outperform their coun-
terparts trained on PVS. To verify this claim, Grad-CAM was used in further
experiments. Using Grad-CAM, heatmaps were generated from the final convo-
lutional layer of the networks trained on PVS and PVC configurations for each
input image. Figure 5 shows the heatmaps overlapped with their respective input
images for healthy and unhealthy leaves in the same order. A series of obser-
vations were made by analyzing these images. Firstly, each network identifies a
specific part of an image for classifying an image. This region of interest varies
from network to network. Secondly, some networks have chosen a significant part
of the background as the region of interest for making a classification. This can
be observed for outputs of ResNet-50, ResNet-101, and ResNet-152 on PVC,
as shown in Figure 5. Thirdly, the regions of interest identified by some of the
networks contain parts of the background in a significant majority. This could
be interpreted as networks correctly classifying the input image by heavily rely-
ing on the background rather than the foreground, as shown in Figure 5 (a-g).
Extreme cases such as Figure 5 (e) were observed where ResNet-50 generated
heatmap has an uncanny resemblance to the shape of the leaf in the image;



Plant Disease Classification Using Hybrid Features 11

Dataset |IoU@0.5 meanloU
Swedish 0.0535 0.0784
Flavia 0.052 0.0743
Leafsnap | 0.0481 0.0410
MEW-2012| 0.2052 0.1790
MEW-2014| 0.2413 0.2057
Table 5: IoU@0.5 and meanloU val-

ues are obtained for Swedish-leaf, Flavia,
Leafsnap, MEW-2012, and MEW-2014
datasets for the models reported in [26].
ResNet-101 is used too obtain the Grad-
CAM heatmaps used to generate the fore-
ground binary mask.

Fig.4: This figure shows the IoU scores
for ResNet-101 on threshold values rang-
ing from 0-1 on Swedish-leaf, Flavia,
Leafsnap, MEW-2012, and MEW-2014
datasets

only, in this case, it appears to have learned it from the background. ResNet 18
seems to work as expected but shows inferior performance in terms of accuracy.
The inception-V3 hybrid network consistently showed better heatmaps where
the major focus of the network was on the foreground. Fourthly, across all the
networks, it is evident that the generated region of interest overlaps more with
the foreground object in the case of PVS rather than PVC.

A series of experiments were conducted to verify the claims mentioned above
and to identify the overlap between the generated heatmaps and foreground
objects in each input image. The ground truth for these foreground objects
was generated using the PVS version of the dataset. We binarize the obtained
heatmaps by thresholding at k € (0,1) and compute the IoU@Qk for the models
in the Table 1. The results are presented in the Table 4. £ = 0.5 is selected for
a fair comparison of networks as the halfway point in its range. Inception-V3
outperforms other networks in both these metrics across PVC and PVS. ResNet-
18 outperforms the rest of the deeper architectures with more convolutional
layers among the ResNet family. It is rather surprising that deeper ResNets
that outperform their shallow counterparts with respect to the accuracy under-
perform when it comes to IoU. It is to be noted that, even though these networks
vary in terms of their depth, their architecture is similar with respect to ResNet
blocks and their usage of skip connections.

Deeper networks with more trainable parameters have a higher capacity for
selecting features from an image. They would identify and extract these features
from the input image irrespective of whether they belong to the foreground
or background object. When texture in the background is removed to make
it a constant value, as in PVS, these same architectures tend to look more at
the foreground object. In essence, ResNet-50, 101, and 152 have higher IoU in
PVS when compared to PVC as seen in Table 4 and Figure 5. In contrast,
ResNet-18 and Inception-V3 hybrid perform better in PVC when compared to
PVS. Figure 3 shows IoU@k for different models for k € (0,1). As noted, the
Inception-V3 hybrid outperforms every network in PVC configuration across
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Input ResNet-18 ResNet-5 ResN ResNet-15:

Tomato___healthy(PVC)

‘Tomato___healthy(PVS)

Corn_(maize)___Cercos
pora_leaf_spot
Gray_leaf_spot (PVC)

Corn_(maize)__Cercos
pora_leaf_spot
Gray_leaf_spot (PVS)

‘Tomato___Tomato_Yell
ow_Leaf_Curl_Virus

(PVC)

‘Tomato___Tomato_Yell
ow_Leaf_Curl_Virus
(PVS)

Fig. 5: This figure shows Grad-CAM heatmaps overlapped with their respective images.
These heatmaps are obtained for healthy and unhealthy leaves from models specified
in Table 1. Although all the images were correctly classified, the focussed regions by
the different models vary.

all the values of k. In the PVS configuration, it outperforms other networks
for £ > 0.5. This indicates that the Inception-V3 hybrid has better success in
identifying important areas of the foreground as regions of interest for making a
classification decision when compared with other networks. The graph also shows
that ResNet-50, 101, 152 have degrading IoU for an increase in threshold value.
This also supports our claim that these networks have identified more parts of
the background than the foreground as the region of interest for classifying an
image.

To validate our findings, we conducted our recommended IoU based evalua-
tion on the models trained on Swedish-leaf, Flavia, Leafsnap, MEW-2012, and
MEW-2014 reported in [26]. Each of the ResNet-101 configurations used in the
assessment has PQ1 > 0.97. Swedish, Flavia, and Leafsnap have IoU@0.5 scores
within a range of ~ 0.06 from each other. They have a difference in the number
of classes and total images. The low IoU obtained on these datasets hints at
the lack of direct correlation between dataset size and the focus of the neural
network. However, there is an improvement in IoU from 0.20 in MEW-2012 to
0.24 in MEW-2014. MEW-2014 is an upgraded version of MEW-2012 containing
more classes and images than its past subset. Introducing inter-class variability
along with an increase in the size of the dataset has improved the focus of the
neural network. The results obtained in Table 5 strengthen our claim of having
an IoU based assessment that can also determine the focus of the network w.r.t
the foreground object.
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6.2 Conclusion

This paper presents an approach for image classification by including hand-
crafted features in deep learning. We propose a hybrid network that fuses the
handcrafted features with the learned features from the neural network. This
architecture utilizes the generalization capacity of the neural networks and its
ability to select an optimal feature space while giving more control over the
learned feature space. We demonstrate the superior results from our approach
on different datasets and the improvement with pretraining on domain-specific
datasets.

On evaluating the classification model, we have highlighted an unexplored
problem in neural network based architectures while training on datasets like
PVC. It is a reasonable expectation that the high-performing neural networks
for classification learn the feature space from the foreground object. Our anal-
ysis demonstrates that this is not always the case. Therefore, it is necessary
to further analyze a trained classification model for the regions it focuses on for
predicting the label. A properly trained model is the one that not only gives high
classification performance in terms of conventional metrics but also has signifi-
cantly identified the salient regions of the image for making the prediction. We
proposed an evaluation methodology based on IoU for quantifying the network’s
focus on the salient regions. Our proposed hybrid network performed the best in
terms of accuracy and the IoU based evaluation. Though the experiments have
been done on leaf datasets, the methods are general and can be applied to other
domains.
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