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Chlorophyll pigment plays a crucial role in photosynthesis by absorbing and harnessing 
light energy, ultimately supporting the plant's overall health and growth by providing 
essential nutrients. A convenient assessment of chlorophyll content is essential in smart 
management agriculture. It is very important to measure chlorophyll intensity in a leaf 
accurately as it can indicate the plant health status in terms of its growth, 
photosynthetic capacity, and nutritional stress. Several attempts have been made to 
implements computer vision to enhance the precision agriculture techniques However, 
recent literatures about chlorophyll intensity prediction of various plant species using 
non-destructive methods are limited and yet existing methods for chlorophyII intensity 
forecasting are time-consuming. Hence, a rapid and straightforward convolutional 
neural network (CNN) algorithm was proposed to predict chlorophyll intensity of 
various plant species based on leaf reflectance spectra. The datasets were taken from 
ANGERS Leaf Optical Properties Database (2003). The proposed model consists of 
Hybrid CNN as a feature extractor and Support Vector Regression (SVR) network as a 
predictor. Hybrid CNN was designed by modifying the architectures of AlexNet and 
PNet. The performance of Hybrid CNN with SVR (CNN-SVR) was also compared with 
AlexNet, PNet, and SVR. Hybrid CNN exhibits superior performance when compared to 
established models, including AlexNet, PNet, and standalone SVR. Notably, the mean 
square error values for training and testing datasets stand at 0.1558 and 1.149, 
respectively. This substantiates the model's efficacy in predicting chlorophyll intensity 
accurately, underscoring its potential utility in advancing precision agriculture 
techniques. 

 
 
 
 
 
 
 
 
 
 
 
 
Keywords: 
Chlorophyll intensity; convolutional 
neural network (CNN); prediction; leaf 
spectra; hybrid; mean square error 
(MSE) 

 
1. Introduction 
 

Every plant contains vital green pigments known as chlorophyll which can indicate the 
concentration of the elements for the synthesis of chlorophyll such as nitrogen, iron, and magnesium 
[1][12]. Chlorophyll is beneficial during photosynthesis to absorb sufficient light energy and provide 
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nutrients to the plant. Hence, the evaluation of crop diseases and yield predictions relies significantly 
on the quantification of green pigments in the leaves [2]. The traditional method of monitoring plants 
using the naked eye is still inadequate to predict their health based on the greenness of leaves. This 
is due to the significant downsides that are very challenging, especially for the farmers who have a 
less basic understanding of the nutritional deficiency of the plants and diagnosing the disease 
symptoms [3]. Therefore, the farmers require an expertise in this field is to help them to monitor the 
plant health status by quantifying the chlorophyll intensity based on the visual information of the 
leaves. Various methods have been proposed previously to predict the intensity of chlorophyll based 
on the plant leaves. Conventional methods for chlorophyll intensity prediction are either destructive 
or non-destructive [2]. For the destructive method, the pigments are crushed and extracted from the 
leaf sample using solvent extraction and subsequent spectroscopic chlorophyll analysis. However, 
this method needs cautious disposal of the extraction solvent waste, the high number of samples 
required, and the estimation parameters are restricted and time consuming [4]. Meanwhile, for the 
non-destructive method, the chlorophyll intensity is quantified by using specialized devices such as 
chlorophyll fluorescence [4], spectrometer [5], and Soil Plant Analysis Development (SPAD) [6]. These 
methods are categorized as conventional non-destructive measurement devices. The measurement 
of chlorophyll intensity using these conventional methods are mainly done by analyzing the leaf 
surface without destroying the samples. Nonetheless, the devices required large samples to maintain 
culture sterility [4], as well as are still costly and difficult in generating reflectance spectrum data for 
both personal and commercial purposes. Hence, a straightforward CNN algorithm should be designed 
in order to help the agriculturists, researchers, and farmers’ burden in predicting chlorophyll intensity 
of various plant species. Low-cost algorithm design is essential because training and testing based on 
reflectance spectrum as input data can be completed more quickly with a simpler deep learning 
architecture. The accuracy of the CNN algorithm in producing astute prediction values of the 
chlorophyll intensity should be the primary consideration during its development, rather than just its 
computational cost and time consumption. This is because the greater the accuracy of the CNN 
algorithm in training and testing process, the nearest the prediction of chlorophyll intensity to the 
actual content in a leaf. Consequently, a deep learning model with a hybrid architecture that 
combines CNN and SVR has been created to tackle the issue, with the particular goal of significantly 
impacting the agricultural field. The rest of the article is structured as follows. Section 2 explains the 
related works. Section 3 discuss the Methodology. Section 4 discusses the results and discussion. 
Section 5 is dedicated to the conclusion.  
 
2. Related Works  
 

There are two methods for determining the amount of chlorophyll in leaf samples: destructive 
and non-destructive methods. Both techniques typically use the absorption rate of the red spectral 
regions between 600 and 700 nm to calculate the chlorophyll intensity. Therefore, the red region is 
suitable for reflectance and transmittance spectra measurement [7]. Destructive measurement 
method is a laboratory analysis approach performed with organic solvents to extract the leaf samples 
collected in the crops. Destructive method can determine the most accurate results for the prediction 
of chlorophyll intensity. Unfortunately, this method is not environmentally friendly, slow procedure, 
expensive, and tiresome [7]. Due to this reason, non-destructive measurement method is an 
alternative approach as it is environmentally friendly, affordable for commercial purposes and less 
time-consuming. The most common approaches of measurement technique used for laboratory 
controlled procedures and research purpose of chlorophyll intensity are SPAD Chlorophyll Meter and 
spectrophotometer.  
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2.1 Soil Plant Analysis Development (SPAD) Chlorophyll Meter 
 
SPAD chlorophyll meter is widely used for nondestructive approach to measure chlorophyll 

intensity in the plant tissue in vivo instantly [8]. The most common SPAD chlorophyll meter used in 
the agricultural research purpose is SPAD-502 (Konica-Minolta, Inc, Osaka, Japan). This handheld 
portable instrument is easy to use and fast in generating the measurement results [7]. Generally, the 
process of measuring chlorophyll intensity using SPAD-502 is started by placing a leaf on the 
measurement area. Then, both chlorophyll and non-chlorophyll are measured by using two light-
emitting diode (LED) light sources which are implemented in the meter. A LED light source is specified 
the chlorophyll absorption peak of 650 nm while the other LED is centred at the absorption peak of 
940 nm for non-chlorophyll content. The red transmitted light is emitted through the leaf sequentially 
using two LED light sources in the SPAD meter. Two silicon photodiode detectors are used to measure 
the leaf's infrared regions. The LED light sources with wavelengths of 650 and 940 nm are detected 
by the detectors. Later, in order to enable the microprocessor to detect the current, the light sources 
are converted into an electric current. Hence, the signal from the electric current is modified into 
SPAD readings of chlorophyll intensity [7]. The readings are converted into the absolute chlorophyll 
readings measured in the labs. The digital number of the output readings on SPAD chlorophyll meter 
and the lab measured chlorophyll intensity results for the same leaf samples are used as the variables 
for the conversion relationship [9]. The intensity of chlorophyll content increases with the amount of 
green pigments present in the leaf.  
 
2.2 Spectrophotometer 

 
Spectrophotometer is a non-destructive instrument that can measure the chlorophyll intensity in 

plant tissues in vivo [8] along with the digital image acquisition. According to [8], a leaf sample is laid 
to light from tungsten halogen, a light source generator through a probe. Tungsten halogen provides 
a large electromagnetic wavelength range of 360nm to 2400nm. The probe will snap the reflected 
light simultaneously and send it to the spectrometer. Later, the spectrometer measures the 
chlorophyll intensity and submit the results to the computer for visualization and quantification.  
 
2.3 Random Forest   

 
Random Forest (RF) is a machine learning algorithm that has been widely used in predicting leaf 

chlorophyll content (LCC) in various vegetation types. A thorough understanding of decision trees is 
also necessary in order to comprehend the RF working principle. A tree-like structure is used to 
represent the predictive model in decision trees [10]. Decision trees are supervised statistical models 
that are used to estimate the value of the target variable, in this case LCC, by using input features, or 
the predictor, in prediction tasks. In RF, each regression tree is grown from the root node to the 
terminal nodes which depending on the prediction conditions. Meanwhile, internal nodes which 
located between the beginning and ending nodes are considered as the decision points. To begin the 
tree's growth, a random subset of the larger training set's data is selected. The term "bootstrapping" 
refers to this method of expanding the forest's diversity [10]. Therefore, after a bootstrap sample is 
generated, an algorithm fits a prediction tree.  
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2.4 Support Vector Regression 
 
A supervised machine learning method called Support Vector Regression (SVR) network was 

developed from the Support Vector Machine (SVM) method especially for regression or prediction 
tasks. The SVR algorithm is used to solve the regression problem by projecting the kernel functions 
for the training data into feature space. The sigmoid, polynomial, linear, and radial basis function 
(RBF) kernels are the most often utilized ones [11]. There are variety of deep learning models that 
had been demonstrated for their competency in predicting photosynthesis pigments such as 
anthocyanin, carotenoid, and chlorophyll [12-16]. Nevertheless, it is crucial to defend that each 
model comes with its own set of limitations. These limitations are varied from a model to another 
model which consist of its accuracy, architecture complexity, generalization to various plant species, 
and ability in capturing a specific pigment. For instance, the performance of AlexNet was consistent 
during training session either with large or limited amounts of datasets as it provided lower value of 
MSE. However, this model took longer time to complete its training session of predicting chlorophyll 
intensity [16]. Meanwhile for PNet, it had the lower risk of overfitting issue while having small value 
of mean absolute error (MAE), but in the case of predicting chlorophyll intensity only, PNet had less 
ability to focus more on this pigment. This was because chlorophyll content was overlapping with 
pigments [16]. VGGNet and ShallowNet were both less efficient in predicting the pigment as the 
models had the complex and simplest, respectively. This is due to the fact that a simple architecture 
may result in the algorithm being unable to correctly learn the training set, whereas a complex 
architecture carries a significant risk of overfitting issues. An enhanced CNN is created by merging 
two distinct architectures for the purpose of feature extraction after shortcomings in each model are 
identified. Hybrid CNN, an upgraded version of CNN with the hybrid of both AlexNet and PNet, is still 
thought to be a good architecture. SVR is the ideal network for this task, according to the readings, 
and it reduces the dimensionality of the data from the CNN model. Because of this, the strengths of 
both CNN and SVR are combined to improve the accuracy of predicting the chlorophyll intensity of 
different plants based on leaf spectra. 

 
 
3. Methodology  
 

In this section, MATLAB R2023a is used as a main software tool. The specifications of the 
workstation are stated in Table 1.  

 
Table 1 
Specifications of the Workstation Used 
Specification Description 
Processor  AMD Ryzen 5 7520U  
Clock Speed  2.8 – 4.3 GHz  
GPU  AMD Radeon Graphics™  
RAM  8GB  
SSD  512GB  
OS Window 11 Home  

 
The network system consists of four main phases which are dataset preparation, leaf spectra 

analysis, feature extraction, and prediction task.  
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3.1 Dataset Preparation 
 
 The preparation of dataset consists of actual measurement of chlorophyll intensity using 

conventional non-destructive technique and dataset acquisition of leaf spectra, which both were 
taken from ANGERS Leaf Optical Properties Database (2003). There were 552 datasets of leaf spectra 
in total which consisted of 43 different plant species. To make it easier to identify the plant species, 
each dataset was organized into a folder by name. Thirty percent of the datasets are applied as 
testing set to evaluate the performance of the trained model, and seventy percent of the datasets 
are used as training set to identify patterns and relationships between the features and target 
variable.   

 
3.2 Leaf Spectra Analysis 

 
Generally, within the wavelength range of 400 nm until 2450 nm of a leaf spectrum, it consists of 

information includes plant leaf physiological and chemical properties. Each leaf spectrum is divided 
into three regions: visible (VIS) (400–700 nm), near infrared (NIR) (700–1100 nm), and shortwave 
infrared (SWIR) (1100–2500 nm) on both ends of the spectrum. Chlorophyll and other photosynthetic 
pigments absorb heavily in the visible spectrum (VIS), according to [17]. In order to concentrate on 
the chlorophyll-specific spectra solely for the purpose of predicting chlorophyll intensity, all leaf 
reflectance spectra are analysed.  

Initially, the wavelength range of each leaf reflectance spectrum of ANGERS was 400 nm to 2450 
nm. The three distinct regions of plant leaf physiological and chemical properties in the ANGERS 
datasets are similar to those in [17]. Figure 1 presents the plant information regions. The VIS region 
of the ANGERS dataset has the highest chlorophyll content when compared to other regions, falling 
between 400 and 750 nm. 
 

 
Fig. 1. Regions of VIS-NIR-SWIR of ANGERS Dataset 

 
The leaf spectra of different plant species were measured in the 400–750 nm wavelength range. 

For this reason, the wavelength and reflectance values within the chlorophyll specific region are the 
only ones used for analysis and modification of each TXT file. Following that, two sets of leaf 
reflectance spectra were created: a training set (30%) and a testing set (70%). The feature extractor 
model used the resulting spectra as input data. 
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3.3 Feature Extraction  
 
This is the most important stage because it involves carefully modifying the CNN model's 

architecture to enable each layer's parameters to match the leaf spectra that are being used as input 
data. A hybrid CNN is proposed to improve the prediction accuracy of chlorophyll intensity with less 
computational cost and learning time. The relevant information is then extracted from the leaf 
reflectance spectrum using a hybrid model.  

 
3.4 Hybrid Convolution Neural Network   

 
Two CNN models, AlexNet and PNet are hybrid to form an improved model. The stack diagrams 

for the PNet (b) and AlexNet (a) architectures are displayed in Figure 2. Originally intended for digital 
images found in 3D data. Meanwhile, PNet was designed by [16] for reflectance spectrum which is in 
1D data. In this paper, the parameters in AlexNet was modified in order to be embedded into PNet. 
Based on these two models, a hybrid CNN for the 1D leaf reflectance spectrum was created.  

The foundation of Hybrid CNN is AlexNet since it is a versatile and easily adjustable model that 
works with more than just image datasets. Meanwhile, PNet was also adopted for Hybrid CNN 
because of its simple algorithm that predicts plant pigments and yields the lowest mean square error 
values. As a result, using these models made it easier to extract important chlorophyll features 
quickly. 

 

 
Fig. 2. (a) AlexNet Architecture (b) PNet Architecture 

 
The AlexNet model's stack diagram, shown in Figure 2 (a), consists of one input layer, three 

hidden layers, three max pooling layers, three fully connected layers, five convolutional layers and 
one output layer. Each layer has parameters that can be changed. Consequently, a number of the 
AlexNet layer parameters are changed in order to incorporate PNet and the 1D algorithm. Four 
modification keys in AlexNet are taken by the parameters. Table 2 presents a tabular comparison of 
the parameters of the original and modified versions of AlexNet.  
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Table 2 
Comparison of Parameters for Original Alexnet And Modified Alexnet  
AlexNet Original Modified AlexNet   
Layers  Size  Activation Function  Size  - 
Input  227  x  

227 x 3  
-  1 x 351  Activation Function  

Conv1  11 x 11  ReLU  1 x 11  -  
Pooling1  2 x 2  -  1 x 2  ReLU  
Conv2  5 x 5  ReLU  1 x 5  -  
Pooling2  2 x 2  -  1 x 2  ReLU  
Conv3  3 x 3  ReLU  1 x 3  -  
Conv4  3 x 3  ReLU  1 x 3  ReLU  
Conv5  3 x 3  ReLU  1 x 3  ReLU  
Pooling3  2 x 2  -  1 x 2  ReLU  
Fully1  1 x 4096  ReLU  1 x 4096  -  
Fully2  1 x 4096  ReLU  1 x 4096  ReLU  
Fully3  1 x 1000  SoftMax  1 x 1  ReLU  

 
1D leaf reflectance spectrum is applied as an input instead of 3D digital image. The wavelength 

range of leaf reflectance spectrum of chlorophyll-specific region is within 400 nm to 750 nm. Kernel 
size for all convolutional layers, pooling layers and fully connected layers are adjusted to 1 x n instead 
of n x n. For instance, 11 x 11 is a kernel size for the first convolutional layer but then, it is adjusted 
to 1 x 11 which is a series of 1D kernel size. Kernel size of the third fully connected layer is changed 
to 1 x 1 in order to replaced 1 x 1000. This is so because AlexNet's original purpose was to categorize 
pictures into 1000 classes. Furthermore, by using a 1 x 1 kernel size, the dimensionality can be 
reduced from 3D to 1D and the prediction of chlorophyll content can be the exclusive focus. 
Activation function is now Linear rather than SoftMax. The simple mathematical formulation of Linear 
is stated in Eq. (1) where 𝑓(𝑥) and 𝑥 are indicating the output of the last fully connected layer the 
input of the last fully connected layer, respectively. Two convolutional layers of Modified AlexNet 
along with its pooling layers are replaced by the convolutional layers of PNet and its pooling layers is 
shown in Figure 3.  

 
𝑓(𝑥) = 𝑙𝑖𝑛𝑒𝑎𝑟 = 𝑥           (1) 
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Fig. 3. Customisation of Modified AlexNet and 
PNet Architecture 

 
As a result of the integration, both architectures became hybrid and presented as depicted in 

Figure 4. The performance of a CNN model can be affected by the amount of convolution layers. In 
most studies related to chlorophyll intensity prediction by using CNN, the performance of the models 
is getting less efficient when the number of convolutional layers is increasing [2,9,16,18]. This is 
because the features extracted from the leaf reflectance spectrum cannot specify the optimal 
chlorophyll content. Therefore, a CNN model with simple and straightforward architecture is 
proposed in this project in order to increase the model’s performance efficiency in predicting the 
chlorophyll content. As the architecture of this Hybrid CNN is simple, it is easy to retune the 
hyperparameters during its training procedure. Furthermore, every convolutional layer is followed 
by a pooling layer because it has the ability to lessen the number of parameters. It can be done by 
minimising the feature dimensional at the output of every convolution layer. The minimisation has 
encouraged the computational cost to be lower [19-20].  
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Fig. 4. Stack Diagram of Hybrid CNN Model 
 

One input layer, four convolutional layers, four maxpooling layers with ReLU in each layer, three 
fully connected layers, and an output layer with one node for particular chlorophyll content features 
make up the architecture of the suggested model. Fully connected layers will extract and select 
pertinent features from the leaf reflectance spectrum. This model's output is substituted for an SVR 
network in the prediction task to produce a prediction of the amount of chlorophyll. Figure 5 
illustrates the conceptual diagram of Hybrid CNN and then followed by SVR.  

 

 

Fig. 5. Conceptual Diagram of Hybrid CNN 
 
The SVR algorithm is employed to forecast the level of chlorophyll present in a nipa palm leaf. 

The SVR predictor model's overall structure is depicted in Figure 6 as it connects to the final fully 
connected layer.  
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Fig. 6. General Structure of SVR Network 
 
The input of SVR algorithm is obtained from the output of CNN’s last fully connected layer. 

Meanwhile, the label applied is from the results of actual chlorophyll intensity which were taken by 
using SPAD-502 Plus Chlorophyll Meter. The label refers to the target variable which the algorithm is 
trying to predict. Using the ANGERS database, the predicted chlorophyll intensity of 43 plant species 
is obtained by pairing the input and the label. As a result, the prediction may be used to forecast a 
plant species' level of health. Figure 7 shows the general flowchart of the suggested Chlorophyll 
Intensity Prediction Model.   

 

 

Fig. 7. Flowchart of Proposed Chlorophyll Intensity 
Prediction Model 

    
4. Results and Discussion 
 

In this paper, Hybrid CNN is trained with 386 leaf spectra to extract the chlorophyll content 
features. Raw datasets of leaf spectra are transformed into a high-dimensional feature 
representation to encode the relevant information. After the relevant features are extracted from 
hybrid CNN, the extracted features representation is passed to SVR network as its input data. This 
network uses the support vectors and a loss function to determine the suitable regression function 
that approaches the correlation between the features and chlorophyll intensity. Hybrid CNN is 
analysed by comparing its performance with three different optimizers including Stochastic Gradient 
Descent with Momentum (SGDM), Root Mean Squared Propagation (RMSprop), and Adaptive 
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Moment Estimation (Adam). Other than that, the performance of trained Hybrid CNN-SVR is 
compared and analyzed with the existing models which are AlexNet, PNet and SVR.  

There are four different training settings were executed in order to determine the best 
hyperparameters for hybrid CNN in extracting the features of relevant chlorophyll content. 
Hyperparameters are the variables that significantly affect the model’s training dynamic and 
generalization ability. The process of determining the optimal training setting involves experimenting 
with different values for each hyperparameter, taking into account factors such as computational 
cost, dataset size, and model complexity to ensure a smooth simulation run. The most significant 
hyperparameters to be tuned in hybrid CNN are learning rate, number of epochs, and batch-size. 
Learning rate decides the convergence speed and training behaviour at each iteration. The results of 
MSE value and training completion time for each training setting as shown in Table 3 were selected 
by performing the simulation for tenth times and the lowest MSE value was chosen. The optimal 
training setting was carefully selected based on the results of MSE value and training completion 
time. Thus, based on Table III, training setting 2 was the optimal settings for the hybrid model where 
it had Adam as its optimizer, learning rate of 0.01, maximum epochs of 50, validation frequency of 
50, and minimum batch size of 55. Training settings 2 took 2 minutes and 1 second to be completed 
while resulting in 0.087 for its MSE value.   

 
Table 3 
Comparison Of Training Setting With Various Hyperparameters  
Hyperparameters Training Setting 1  Training Setting 2  Training Setting 3  Training Setting 4  
Optimizer  Adam  Adam  Adam  Adam  
Learning rate  0.001  0.01  0.01  0.01  
Maximum Epochs  50  50  50  100  
Minimum Batch Size  55  55  65  55  
Validation Frequency  50  50  50  50  
Epoch Completed  50 of 50  50 of 50  50 of 50 100 of 100  
Mini-Batch RMSE  4.95  0.79  1.68  0.37  
Mini-Batch Loss  12.20  0.30  1.40  0.07  
Completion Time  1 min 26 sec  2 min 01 sec  3 min 20 sec  6 min 37 sec  
MSE  0.897  0.087  0.313  0.331  

 
The learning rate of 0.01 is appropriate for the proposed model to extract the important features 

of chlorophyll while allowing the model to converge the data efficiently without getting stuck in local 
minima. The maximum epochs of 50 also stroked a balance between not overfitting and not 
underfitting which led to better generalization. Meanwhile, the minimum batch size of 55 enabled 
more stable updates of the proposed model’s parameters while encouraging an efficient 
convergence. The Mean Squared Error (MSE) holds significance as a metric for evaluating the efficacy 
of a hybrid Convolutional Neural Network (CNN) in the prediction of chlorophyll intensity. The results 
provide information about how close the expected and actual values of chlorophyll intensity are, as 
determined by the SPAD-502 Plus Chlorophyll Meter. The MSE value is more closely aligned with the 
real value when it was lower. Following the selection of training setting 2 as the optimal configuration 
with respect to different hyperparameters, the training efficacy of hybrid CNN was further examined 
using an additional gradient  descent-based optimizer to confirm that Adam is the most optimal 
optimizer for Hybrid CNN. Hessian-based and gradient descent-based optimizers are the two types 
of optimizers used in deep learning [14]. The gradient descentbased method is used in this project 
because, compared to the hessian-based method, it has a smaller loss function to the model and 
offers a relevant training time because of its reasonable computational cost. The comparison of MSE 
values with various optimizers on Hybrid CNN is displayed in Figure 8.   
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Fig. 8. Comparison of MSE with SGDM, RMSProp, and 
Adam Optimizers on Hybrid CNN 

 
For the analysis, five smallest MSE values for each optimizer were collected and averaged to 

determine its performance indicator. Based on Figure 8, the optimizers were sorted from the oldest 
to the recent. It can be viewed that the  different optimizers had significant impacts on the range of 
MSE values. SGDM and RMSProp optimizers had provided the worst performance as their MSE values 
were 7.2788 and 6.9859, respectively. Meanwhile for Adam optimizer, its MSE value appeared to be 
the lowest which was 0.1558 and it indicates the best performance for hybrid CNN among other 
optimizers. Adam optimizer can contribute to converge faster while having flexible learning rate in 
handling variety of gradients. As a result, Adam's selection as the best optimizer had an impact on 
the Hybrid CNN architecture.   

Besides that, hybrid CNN-SVR is compared with the existing models including AlexNet, PNet, and 
SVR. Each model was performed using both training and testing set. In this paper, hybrid CNN-SVR 
shows the most efficient model in predicting chlorophyll intensity based on its MSE value and training 
completion time. Figure 9 shows the comparison of MSE for training and testing sets on four different 
models.  

 

 

Fig. 9. Comparison of MSE for Training and Testing Sets on 
AlexNet, PNet, SVR, and Hybrid CNN 

 
AlexNet exhibited the highest MSE values on both training (19.281) and testing sets (69.595), 

indicating a significant risk of overfitting due to the vast difference in MSE between the sets. PNet 
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showed less risk of overfitting but still had poor MSE values for a CNN model. SVR also demonstrated 
a high risk of overfitting based on its MSE values. The hybrid CNNSVR, however, achieved the lowest 
MSE values for both sets (0.156 for training and 1.149 for testing), indicating superior performance 
and reduced overfitting risk. AlexNet's complex architecture led to poor generalization, while PNet's 
simplicity resulted in underperformance due to its limited ability to capture diverse data patterns. 
Despite SVR's lower MSE with the training set, its overall performance remained subpar due to a high 
risk of overfitting.  

Table 4 shows that PNet finished the training process in the shortest amount of time 20 seconds 
while AlexNet took the longest 1 hour, 32 minutes, and 36 seconds. This is because each model's 
complexity in extracting the features of chlorophyll content varies depending on how many layers it 
has. AlexNet had five convolutional layers while PNet had three convolutional layers. Nevertheless, 
the hybrid CNNSVR, which featured four convolutional layers, had the lowest mean square error 
(MSE) for the training set and required a reasonable amount of time 1 min 10 sec to finish the training 
process. This can be attributed to the architecture's efficiency, which enables faster training on 
datasets without images. Furthermore, the model avoided superfluous data and converged 
effectively due to appropriately adjusted hyperparameters. In this case, the further additional 
convolutional layers and too simple architecture can result in larger MSE. Thus, hybrid CNN-SVR with 
four convolutional layers has been shown as the best chlorophyll intensity prediction model.  

 
Table 4 
Comparison Of Training Completion Time With Four Different Models  
Model  AlexNet  PNet  SVR  Hybrid CNN-SVR  
Training Completion Time  1 hour 32 min 36 sec 20 sec 1 min 15sec 1 min 10 sec 

 
Apart from that, scatter plots were used to assess the hybrid CNN-SVR's performance. The scatter 

plot comparison between PNet, AlexNet, SVR, and hybrid CNN-SVR for training and testing sets is 
shown in Figure 10. The relationship between the actual and predicted values of chlorophyll intensity 
is depicted in this scatterplot [16]. On each graph, the 1:1 line and the leaf spectrum sample were 
represented by the linear line and scatter plot, respectively. Because the leaf sample scatterplots for 
AlexNet, PNet, and SVR did not lie exactly on the linear line, the leaf sample plots were either 
overprediction or underprediction. In contrast to other models, the Hybrid CNN-SVR was the only 
one that nearly perfectly lied on the linear line. Therefore, the relationship between the two variables 
is poorer the more randomly distributed the scatter plots are. It was demonstrated by taking this 
analysis into account for hybrid CNN-SVR that the suggested model was appropriate for predicting 
chlorophyll intensity. As a result, the completion time was significant, offered the lowest MSE, and 
could predict the chlorophyll intensity of different plants at a lower computational cost.  
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Fig. 10. The Scatter Plots of Actual and Predicted Chlorophyll Intensity for Training and Testing Sets on AlexNet, 
PNet, SVR, and Hybrid CNN-SVR   

 
5. Conclusions 
 

This study details the effective application of a nondestructive technique to estimate the amount 
of chlorophyll present in various plant species' leaves. The suggested approach has made a unique 
contribution to the design of an improved CNN architecture by merging the PNet and AlexNet CNN 
models and leveraging the SVR network to enhance the prediction task known as hybrid CNN-SVR. 
With MSE values of 0.156 and 1.149 for the training and testing sets, respectively, this model 
produced the lowest results. The proposed model successfully predicts chlorophyll intensity based 
on leaf spectra, utilizing the least complex architecture and optimal hyperparameters. The hybrid 
CNN-SVR is assessed using the MSE loss function, and the relationship between the observed and 
expected values of chlorophyll intensity is displayed using scatter plots. Hybrid CNN-SVR's 
performance is contrasted with that of other current models. As a result, hybrid CNN-SVR offers the 
following advantages over other models: First, its architecture, consisting of three fully connected 
and four convolutional layers, is simple and effective in predicting the intensity of greenery. Once 
trained, hybrid CNN-SVR can also be modified more easily without significantly compromising its 
performance. Second, because the hybrid CNN-SVR training session took less than five minutes to 
complete, its computational cost is regarded as reasonable. As a result, the learning curve for 
predicting chlorophyll intensity is shortened. Third, lowest MSE value is achieved, indicating how 
closely the actual value and the predicted value match. Lastly,  hybrid CNN-SVR’s  performance can 
enhance the prediction model even with its small dataset of 552 leaf spectra from different plant 
species.   
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