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The presence of pests in soil costs the agriculture industry billions of dollars every year since it reduces 
crop yields and raises preventive costs. The pest detection in soil is vital for maintaining healthy crops, 
optimizing pest management, and ensuring economic and ecological sustainability. There are several 
invasive and non-invasive methods available for pest detection, where invasive methods are costly as 
well as time-consuming compared to the non-invasive methods. From various non-invasive methods, 
audio-based pest detection in the soil is one of the effective, low-cost tools. The generation of pest 
sounds is random in nature and contains a lot of inactive and background noisy portions in the recorded 
sound signals. To reduce the unnecessary computations in analyzing the inactive portions, an improved 
audio activity detection algorithm has been designed in this paper using Short Time Energy features 
for segmentation, which provides an average of 20% less computational requirements as compared to 
the baseline models. In the second step, the Forward Forward Algorithm has been used for its benefits 
in enhanced numerical stability, simplified computations, and enhanced precision over traditional 
back propagation-based algorithms. For improved performance in the detection of pests in soil, the 
traditional FF algorithm has been further updated by using root mean square in the goodness and 
loss function calculation. Through the comparative analysis with several baseline models, it has been 
observed that the proposed method consistently provides an average of 5% enhanced performance.

Keywords  Pest detection, Smart agriculture, Forward–backward algorithm, ASR, STE, Audio signal 
processing, AI, ML

Monitoring pests in the soil is a critical part of integrated pest management, especially as climate change and 
rising food demands put added challenges on agriculture1. Early detection helps farmers avoid big crop losses 
and reduce pesticide use2. Soil pests contribute to significant global crop losses with an estimated 20–40% loss 
annually, amounting to over $220 billion worldwide. Practices like crop rotation, cover cropping, and reduced 
tillage improve soil health by encouraging helpful microbes that naturally suppress pests3,4. New tools like audio 
and Internet of Things (IoT)-based systems are making pest detection easier and more sustainable5–7. With 
Artificial Intelligence (AI), their accuracy has been increasing8. However, background noise is challenging9, and 
these tools work continuously without disturbing the soil10–13. Automatic Speech Recognition (ASR) also helps 
speed up detection. It has been observed that models like You Only Look Once version 5 (YOLOv5) have shown 
good results for spotting pests in images14, and Support Vector Machines (SVM) are better for sound-based 
tasks15. Deep learning tools like YOLOv5s and Residual Network (ResNet) are powerful but need strong internet 
and energy, which can be tough in rural areas16. The deep learning models need powerful hardware, fast internet, 
and a lot of memory that are hard to come by in rural areas.

Audio monitoring is a low-cost as well as non-invasive method for pest detection. It works well with 
techniques like Fast Fourier Transform (FFT) and Linear Predictive Coding (LPC) with higher accuracy17,18. 
Models like Convolutional Neural Network (CNN) and Bidirectional Long Short-Term Memory (BiLSTM) 
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handle background noise better9. Traditional models such as Random Forest and eXtreme Gradient Boosting 
(XGBoost) are also useful, especially with embedded noise filtering and microcontroller support19,20. Soil-based 
sound sensors linked to smartphones alert farmers in real time17,21. This data also helps governments plan better 
and gives farmers access to eco-friendly markets21. For broader use, these systems need to be affordable, easy to 
use, solar-powered, and supported by local training. Even though Automation raises concerns about job loss22, 
it helps the farmers immensely if workers are trained21,22.

Traditional soil pest detection methods like digging, soil sampling, and baiting are effective but often time-
consuming and physically demanding23. They are not very practical for implementation on large farms. They 
depend on expert judgment, and can catch pests in the later stage when the damage has already been done. In 
rural areas, doing this frequently is tough and expensive. There’s a growing demand for smarter, non-invasive 
solutions that can detect pests in real time with less effort. Unlike aerial imaging, which requires a clear line of 
sight, and subterranean methods, which often involve digging or disturbing the soil, audio-based monitoring is 
a non-invasive method that doesn’t harm the environment, and is easier to scale across large areas, and also cost-
effective24. Newer tools like PepperNet use multimodal learning by combining images and text for accurate pest 
detection25. Microphone placement matters to reduce interference from wind or plants26,27, and syncing audio 
with visuals improves results28. Lightweight models like Mobile Networks (MobileNets) run efficiently on low-
power farm devices29, while tools like smart traps and electronic noses cut chemical use30. AI-driven data fusion 
pulls together audio, image, sensor, drone, and weather data for smarter pest control31–33. YOLOv5 performs 
well34, and another model, TinySegformer, uses Transformer learning for edge-device detection35. Accuracy 
plays a crucial role in pest detection to stop waste resources36,37. There is a necessity for parallel computing in 
agriculture to handle large datasets and improve the accuracy38. Techniques like dropout, early stopping, and 
regularization prevent overfitting39,40, and keeping bias and variance low ensures consistent results41. Streamlined 
models and distributed sensor networks with deep learning boost performance in real-time field use42,43. A well-
planned plantation schedule boosts yield with minimal resources by using a rule-based fuzzy method to predict 
optimal sowing timing from environmental data6.

The forward–forward (FF) algorithm is a technique developed relatively recently as an improvement over 
standard backpropagation by Geoffrey Hinton44. This method stresses a less complex and more biological way 
of learning and is meant to avoid some of the shortcomings of backpropagation, including computational cost 
and biological realism. The FF algorithm works in a manner such that it undertakes two forward passes through 
the network. The first pass is the ‘positive pass,’ in which the network is presented with actual samples, whereas 
the second pass is the ‘negative pass,’ and here the network is presented with faked or modified samples. The 
network is then trained to differentiate between these two passes with the aim of obtaining greater activation 
of the output for real data and lower activation of the output for altered data45. The FF algorithm makes the 
training process easier because there is no requirement for backpropagation, as this can be time-consuming 
if many computations and propagation of gradients are involved. This may have the potential to shorten the 
training time, especially when developing complex networks or when the hardware used has small capabilities 
in computation46. With regard to the idea of increasing the gap in activation level between the real and synthetic 
data, the FF algorithm can greatly help in better generalization. This could help introduce neural networks in a 
greater number of applications that were not previously used. Recently FF algorithm has been used for audio-
spoken digit identification47, audio recognition46, ECG signal analysis48, and separation index maximizing49. 
Due to the real-time analysis of soil sounds in the agricultural fields, low memory-based processors are used, 
which require low computational complexity-based algorithms50.

It has been observed from the brief literature review that proper pest control will help in the protection of 
crops, lower the usage of chemical pesticides, and enhance sustainable agriculture practices. Through audio 
signal analysis, non-invasive early pest detection is possible. By using acoustic analysis for early pest detection, 
smart farming becomes more efficient, affordable, and precise. Recently, some related work has been reported in 
this direction for audio-based pest detection in agriculture. However, very few works have been reported in soil 
pest detection. Additionally, in most cases, deep learning methods are used, which have higher computational 
costs where backpropagation of error plays a crucial role. Recently, a novel FF algorithm has been proposed 
with simplified Implementation and a lack of need for complex gradient computation, biological plausibility, 
reduced computational complexity, and better generalization. However, to the best of knowledge available to 
the authors, these concepts of soil pest monitoring with audio signal analysis and FF algorithm have never 
been implemented. Additionally, no attempt has been made to modify the basic preprocessing or segmentation 
requirements for the analysis of audio signals for soil pest detection. Because the insects create sound randomly, 
analyzing the full duration of the signal requires higher computation. This work has been considered in the 
paper with the following research objectives.

•	 Development of an enhanced audio segmentation technique for faster processing and extraction of relevant 
audio features.

•	 Development of a Modified FF Algorithm for soil pest monitoring by analyzing the basic FF Algorithm for 
audio signal processing, with a focus on audio activity detection, signal pre-processing, and customized loss 
functions for improved soil pest monitoring.

•	 Assessment of the performance of the proposed model along with comparative analysis with base models in 
terms of accuracy and computational complexity.

•	 Validation of the proposed model’s generalization ability using multiple datasets and varying noise conditions.

The paper is divided into four sections, the first of which covers the introduction, literature review, goals of the 
study, and reasons for conducting it. Sect. “Materials and methods” covers the specifics of the materials and 
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techniques used. An analysis of the findings and contributions in terms of research findings is included in Sect. 
“Result analysis”. Sect. “Conclusion” presents the research findings, limitations, and scope for further studies.

Materials and methods
The block diagram of the proposed approach and its implementation steps are shown in Fig.  1. The 
implementation starts with database collection, followed by audio activity detection-based segmentation. The 
segmented audio signals are used with a modified FF algorithm having an Root mean square (RMS)-based 
Goodness function. The simulation-based analysis and results are analyzed from the context of Short Time 
Energy (STE) level selection, segmentation duration, the effect of the Goodness function, change in architecture 
of layers, and comparison with baseline models. The stepwise methodology for the implementation is presented 
in the subsequent sub-sections.

Database used
The audio dataset used in the proposed implementation has been collected from the lab experiments done in51. 
Here, the sound of larvae of the root-feeding scarabaeidae family has been analyzed, which can be a major hazard 
to forest and agricultural ecosystems, and yet much about their ecology is still unclear. An acoustic data analysis 
technique based on the active sound generation of larvae (i.e., stridulations) has been used. The earliest known 
stridulation recordings for each species were obtained in a laboratory investigation using third instar larvae 
of the Common Cockchafer (Melolontha melolontha) (n = 38) and the Forest Cockchafer (M. hippocastani) 
(n = 15) housed in soil-filled containers. The larvae were acoustically monitored for five minutes apiece, and 
the dataset has been collected from the experimentation done in51. Audio recordings were captured using a 
TASCAM DR-05 recorder paired with piezoelectric transducers at a 44.1 kHz sampling rate in WAV format. To 
clean the data, the recordings were bandpass filtered between 200 and 5000 Hz—frequencies known to contain 
relevant stridulation signals from scarab beetle larvae while excluding background noise. The waveforms were 
then normalized to a peak amplitude of − 1.0 dB, and any DC offset introduced by the recording equipment 
was removed to center the signals around zero51. Each 5-min samples are further divided into samples of 10-s 
duration using segmentation. A total of 1400 samples have been created, combining two classes named MH 
and MM. The MH denotes Melolontha hippocastani, while MM denotes Melolontha melolontha classes in the 
species of scarab beetle and have an equal number of samples in each class.

STE level selection for segmentation and features
In order to reduce processing time and extract relevant information, the speech processing programs distinguish 
between voice-active speech intervals and silent parts. STE is widely used in audio signal processing to track 
changes in signal intensity over short time windows. This makes it especially valuable for segmenting audio by 
identifying transitions between silence, speech, and other sound events. STE has been used in deep learning 
techniques to accurately detect speech boundaries for practical effectiveness in real-world applications52. Using 
STE and tracking how energy changes over time reveals patterns that other features might miss. In another study, 
STE is applied to separate speech from music, demonstrating its usefulness in classifying different audio types53. 
Consequently, voice-over-Internet-protocol algorithms, audio conferencing, speech coding, speech recognition, 
echo cancellation, and other speech processing applications have made extensive use of voice audio detection 
algorithms54. A similar logic has been used in the proposed method to do segmentation and subsequent 
selection of segments of the recorded signals, which are of an average duration of more than five minutes. Here, 
the STE-based segmentation has been used with the proper threshold to get more than 500 samples per class. In 
the proposed implementation, for STE calculation, a window size of 10 s with 0% overlapping has been used to 
detect the frames where STE is above a specific threshold value. Those frames are selected to form 1400 audio 
segments of 10 s duration each. Traditionally, a 25-ms window size with 50% overlapping is used for feature 

Fig. 1.  Block diagram of the proposed approach.
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extraction. However, in the proposed implementation, as the aim is to do segmentation of long-duration signals 
in the first step, therefore larger window size has been taken.

Traditional backpropagation algorithm
During backpropagation (BP)-based learning, the network goes through two distinct phases: a forward pass 
and a backward pass. During the forward pass, a given set of training input features is forwarded through 
the network, consisting of several layers, one at a time or in a batch55. Here, they are modified by the model 
parameters, i.e., the weights and biases. At each layer, activation functions such as Rectified Linear Unit (ReLU), 
sigmoid, tanh, etc. are applied to introduce non-linear transformations to the network. This allows the network 
to create more sophisticated feature representations of the input at each layer. Once the forward pass is complete, 
the network arrives at a prediction.

A pre-defined loss function is used to quantify the performance of the network by comparing the prediction 
with the actual output to obtain an error measure. The objective of the network is to minimize this loss function, 
resulting in the prediction being closer to the actual output. This minimization is often addressed by gradient-
based methods, such as stochastic gradient descent (SGD) and its variants. During the backward pass, the loss 
is propagated back through the network using the chain rule of calculus, computing the gradient of the loss 
function with respect to the network’s parameters. This involves calculating partial derivatives layer by layer, 
from the output back to the input, hence the term ‘backpropagation’. The gradients are then used to update 
the network’s parameters, typically using a learning rate to control the size of the updates. This process, often 
performed in mini-batches for computational efficiency, is iterated until the error is minimal or some stopping 
criteria are met. Through this iterative process of forward passes and backward adjustments, the network learns 
to make increasingly accurate predictions on the training data. The three key points are:

•	 In BP, the network has a dedicated output layer that determines the network’s final prediction.
•	 A single, global loss function governs the entire network’s learning processes.
•	 The network learns the representation of the training data in such a way that for a given input, it decides the 

value that each of the neural units at the output layer must have in order to generate the most appropriate 
prediction.

The architecture of the BP algorithm is shown in Fig.  2, and the symbols used in the manuscript and their 
Interpretations are listed in Table 2. In the first step, the input layer (X1, X2, …) is connected to the hidden 
layers, and the interconnection between multiple hidden layers is shown. The forward path is shown with the 
connections in black color while the backpropagation path is shown in red color in Fig. 2. Considering a Neural 
Network N with multiple layers N (N1, N2, …, Nh, …, Nl) The Weighted Sum Sh

i can be expressed as

	
Sh

i =
∑

j

W h
ijOh−1

j � (1)

The Generic output (Oh
i) of a neural unit is expressed as

Fig. 2.  Architecture of back propagation algorithm.
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i = λh

i
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i
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where λh
i is the activation function that has been applied to the neural unit i of layer h. The selection of a proper 

activation function plays a crucial role in the convergence of an ANN as it introduces non-linearity, enabling 
the network to learn and model complex patterns56. The derivatives of weight with respect to the loss function.

	
∆W h

ij = −η
∂L

∂W h
ij

= ηBh
i Oh−1

j � (3)

The error calculation and weight updation are done as mentioned below.

	
Bh
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(
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i
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′
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t

Bh+1
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Bl

i = ∂L

∂Sl
i

= Ti − Ol
i� (5)

where Bh
i  is the Error that is being propagated backwards.

Forward–forward algorithm
The FF algorithm is a greedy multi-layer learning procedure. Rather than doing a forward and a backward 
pass like in backpropagation, it does two identical forward passes on distinct data with opposing objectives44. 
The positive pass operates on positive/real data and adjusts the weights to increase the goodness (sum of the 
squared activities) in every hidden layer, i.e., make each layer ‘excited’ about positive data. The negative pass 
operates on “negative data” (artificially corrupted data) and adjusts the weights to decrease the goodness in 
every hidden layer, i.e., make each layer less excited about negative data. Each layer has its own loss function 
and is trained independently of the other. Their interconnection influences overall network performance. A 
comparative analysis between BP and FF algorithms has been listed in Table 1, which contains the different 
parameter-wise comparisons, including parameters, output layers, learning process, computational efficiency, 
biological plausibility, gradient issues, and memory requirements. Each criterion has been analyzed for both FF 
and BP algorithms.

The three major modifications in the FF algorithm over BP which has potential benefits in pest monitoring 
are: the presence of no dedicated output layer, the presence of local loss functions one for each layer, rather 
than one global function, learning the representation of the training data so that it can differentiate whether the 
given input data is positive data or negative data. This approach eliminates the need to store the neural activities 
or stop to propagate error derivatives. Also, unlike BP, which requires perfect knowledge of the computation 
performed in the forward pass in order to compute the correct derivatives, forward–forward can be used when 
the precise details of the forward computation are unknown. These show incredible potential in making use 
of very low power consumption and computational requirements, which is very crucial in implementing pest 
control devices in rural areas. However, the FF algorithm has some drawbacks best described by Hinton44, that 
it is somewhat slower than BP and fails to generalize as well on a few of the toy-related issues this work explores, 
making it unlikely to be used in favor of BP in situations where power is not a concern. Also, since each layer is 
trained using only the outputs of the previous layer, the lower layers do not receive higher-layer feedback as they 
do in BP. The working of the FF algorithm has been shown in Fig. 3.

Label encoding on input data
As in the FF algorithm, the network doesn’t have an output layer, so to achieve supervised learning with FF, 
labels are included in the inputs themselves. This can be done by embedding one of the representations of 
the label. The Mel-Frequency Cepstral Coefficients (MFCCs) are one of the popular feature extraction tools 
used in audio signal processing as they capture the essential frequency characteristics of an audio signal in a 
form that closely resembles human speech perception57,58. They are also used in identifying different kinds of 
environmental sounds, such as the audio patterns of ships in marine environments57. MFCCs are also used 

Parameter Forward–forward Backpropagation

Output Doesn’t have a dedicated output layer Have a dedicated output layer

Learning process38 Employs two forward passes per layer (one with positive data and one with negative 
data), with each layer learning independently based on local loss functions

Involves a forward pass to compute activations and a 
backward pass to propagate errors and update weights across 
all layers

Computational 
efficiency38

Potentially offers more parallelization since each layer operates independently, though 
current implementations have shown it to be slower than backpropagation

Can be computationally intensive due to the need for gradient 
calculations and sequential weight updates

Biological plausibility44 Designed to be more aligned with biological processes by eliminating the need for a 
backward pass, making it the subject of interest in neuroscience-inspired AI research

Often criticized for lacking biological realism, as the backward 
pass does not have a clear analog in biological neural networks

Gradient issues Less susceptible to vanishing gradients Prone to vanishing/exploding gradients

Memory requirements Lower (no need to store for backward pass) Higher (must store activations and gradients)

Table 1.  Comparative analysis between forward–forward and backpropagation algorithms.
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in insect sound analysis because they effectively capture the unique acoustic features of different species59,60. 
Similarly, MFCC-based features helped classify bee buzzing sounds at the species level, demonstrating their 
usefulness in distinguishing insect sounds60. For the proposed experiment, the MFCCs of the input data are 
encoded with the labels (MM and MH). In the proposed implementation, there are two classes, MH (class 0) 
and MM (class 1). For the positive data generation, if the signal belongs to class 1, the first 5 sample data are set 
to 0, and the next five are set to 1, and vice versa. Similarly, for negative data generation, if the signal belongs to 
class 1, the first 5 sample data are set to 1, and the next five are set to 0, and vice-versa. The MFCC parameters 
are taken as 13 coefficients with a 25-ms window and 50% overlapping. The first 10 columns of the first row were 
reserved for one-hot label encoding, as shown in Fig. 4. At the first step, the original data is shown, followed by 
one-hot label encoding as class 0 or 1 at the next step. It was observed during the experimentation stage that the 
scale of the reservation has a significant impact on the training performance of the network.

Training of the FF-network
The training of a neural network with the FF Algorithm consists of the following steps. The architecture of 
the proposed model and the corresponding symbols used in the equations are described in Fig. 5 and Table 2, 
respectively, followed by a step-wise explanation next. Table 2 contains all the symbols and their corresponding 
explanations sequentially starting from BP to FF algorithms. It normally works without using backpropagation, 
rather by running two separate forward passes—one with positive data and another with negative data, allowing 
each layer to train independently using a goodness measure. The positive and negative data, along with the 
layers, are shown in Fig. 3.

•	 During the first of the two forward passes, the positive data is forwarded through a fully connected layer. 
Here, the input data is the melspectrograms extracted from the input audio signals.

•	 It is transformed non-linearly by an activation function. For the experiments, ReLU had the best performance 
as compared to the other activation functions, including sigmoid and tanh. The detection accuracies are 
found to be less than 91% for both sigmoid and tanh, as compared to the ReLU of 97%. In the original imple-
mentation of the FF algorithm also ReLU has also been used as an activation function.

•	 The goodness of the current hidden layer is calculated. Hinton44, proposed the sum of the squared activities in 
a layer as the goodness function. But there can be many other possibilities. The goodness function proposed 
in this paper is mentioned in the upcoming section.

•	 The goodness threshold value is set. It is one of the hyperparameters of the network. The objective of the 
network is to get the goodness of the positive data well above this threshold and the goodness of the negative 
data well below it. Choosing the correct range of this threshold value is crucial, as it has a very significant 
impact on training.

•	 Loss for the current hidden layer is calculated. The proposed loss function has been discussed in a later sec-
tion. In theory, each hidden layer can have different loss functions, but during experimentation, the same loss 
function has been used throughout.

•	 Using gradient descent, the weights and biases between the previous and the current hidden layer are updated 
to minimize the loss function.

Fig. 3.  Working of the FF algorithm.
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•	 During the second forward pass, the negative data is forwarded through the network. It receives the same 
treatment as the positive data. The only point of difference is the loss function, which is designed in such a 
way that it decreases with the increase in the goodness for positive data and the decrease in the goodness for 
negative data.

•	 After a hidden layer is trained, a layer normalization is performed on that hidden layer.
•	 So, the input data representation of the previous hidden layer is used to train the next hidden layer. These 

steps are repeated until all of the hidden layers are trained. The Goodness Function can be expressed as

Fig. 5.  Training architecture of the FF algorithm.

 

Fig. 4.  Label encoding on input data.
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G+

h = σ

(∑
j

(
Oh

j

)2 − θ

)
� (6)

Here, θ is some threshold value. It is a hyperparameter that controls the scale of the gradient. The aim of the 
learning is to make the goodness well above the threshold value for positive/real data and well below that value 
for negative/false data. The training Architecture of the FF Algorithm can be expressed as Fig. 5.

Modified goodness function
Activation functions are pivotal in determining the performance of machine learning models by introducing 
non-linearity, which enables the modeling of complex data patterns to optimize neural network performance61. 
The impact of different goodness functions on model performance remains an underexplored area in machine 
learning. Upon experimenting with various potential goodness functions, including Mean Square, Mean 
Absolute, and RMS, it was observed that the RMS of activities of a layer significantly outperformed Hinton’s 
proposed goodness function, i.e. sum of squared activities, during training. Traditionally, RMS plays a crucial 
role in audio signal processing because it measures the average power or loudness, which mimics the hearing 
pattern of humans. Instead of just looking at peak values, RMS gives a smoother, more consistent sense of the 
intensity of the audio signal over time, which is very helpful in mixing audio signals62. The RMS method evens 
out quick changes in the sound, making it a reliable way to judge overall energy in the audio63. It’s also useful 
for controlling gain and managing compression, which helps in separating noise from the main audio signal62. 
During the experimentation, it was observed that the RMS of the activation units of a hidden layer performed 
more than 5% better than the goodness function proposed by Hinton. This finding demonstrates that the choice 
of goodness function can substantially affect model accuracy and efficiency.

These results highlight the need for further exploration of novel goodness functions. The observed performance 
variations suggest that undiscovered functions may hold the potential for improving model outcomes. These 
findings not only contribute to the current body of knowledge but also underscore the importance of expanding 
research efforts in this domain to unlock new approaches for improving the algorithm. The goodness function 

Symbols used Inference

N Neural network

N1 Number of neural units in the input layer

Nh Number of neural units in the hth layer

Nl Number of neural units in the hth layer

n number of units in layer h

Sh
i Weighted sum

W h
ij Weight of the connection between neural unit i of layer h and j of the preceding layer (h − 1)

Oh−1
j Generic output of a neural unit j of preceding layer (h − 1)

Sh
i

Weighted sum of the outputs of the preceding layer (h − 1) (or the input layer) for the neural unit i of the layer h

Oh
i Generic output of neural unit i of the layer h

λh
i Activation function applied on the neural unit i of layer h

η Learning rate (step size)

∆W h
ij Derivative of W h

ij  w.r.t the loss function

L Loss function

Bh
i Error that is being propagated backwards

σ : Logistic function

θ: Threshold hyperparameter

G+
h Probability of an input vector being classified as positive

n: Number of neural units in the layer h

G−
h Probability of an input vector being classified as negative

Lh Loss function at layer h

L+
h Loss function at layer h for positive data

L−
h Loss function at layer h for negative data

G+,i ith element of the tensor G+

G−,i ith element of the tensor G−

Table 2.  Symbols used and their interpretations.
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is at the forefront of the algorithm. Different goodness functions can have very different impacts. During the 
experimentation, it was observed that the RMS of the activation units of a hidden layer performed much better 
than the goodness function proposed by Hinton44.

	

G+
h = σ




√
1
n

∑
j

(
Oh

j

)2 − θ


� (7)

where n is the number of units in layer h.

	 G+
h >> θ� (8)

	 G−
h << θ� (9)

where, G+
h  and G−

h  are the probabilities that the input vector is classified as positive and negative, respectively.

Modified loss function
The Loss Function plays a crucial role in the FF algorithm. The BP algorithm has a global loss function for the 
entire network. This is essentially why it needs to back-propagate the error to compute the gradients of the loss 
with respect to the weights. But the forward–forward algorithm has local loss functions, one for each layer. They 
can be the same or different from each other. The loss function needs to be designed in such a way that it enables 
each particular layer to have goodness well above the threshold for positive data and well below the threshold for 
negative data, as shown in Fig. 6, which shows the variation of the goodness function. Since the loss functions 
in FF do not have access to the labels (correct output) explicitly, they must be creatively designed in such a way 
that they can effectively differentiate between positive and negative data. It has been observed that squaring the 
loss function at the end improves the model’s performance. In this paper, the following loss function is proposed 
and expressed as

	 Lh =
(
L+

h + L−
h

)2� (10)

	
L+

h =
∑

i

log
(

1 + e−(G+,i−θ)
)

� (11)

	
L−

h =
∑

i

log
(

1 + e−(G−,i−θ)
)

� (12)

Fig. 6.  Goodness function comparison.
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∂Lh
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� (13)

where, L+
h  and L−

h  are the Loss functions at layer h for positive and negative data, respectively.

Layer normalization
As explained before, layer normalization is performed on each hidden layer after its training. If layer 
normalization is not performed, then after training the first hidden layer, the second hidden layer can easily 
distinguish between positive and negative data just by the length of the activity vector in the first hidden layer. 
There is no need to learn any new features. Therefore, it is important to perform layer normalization before 
using it as input to the next hidden layer. This removes all of the information that was used to determine the 
goodness in the first hidden layer and forces the next hidden layer to use information in the relative activities 
of the neurons in the first hidden layer. In the first hidden layer, the activity vector has both an orientation and 
a length. Only the orientation is transferred to the following layer; the length is utilized to define the goodness 
for that layer44.

Evaluation and testing
Just like training, the evaluation of the FF-based network also differs significantly from the evaluation in the 
BP algorithm. In the proposed implementation, the PyTorch framework has been used as the deep learning 
framework. The following steps are adopted to evaluate the model through the testing architecture shown in 
Fig. 7. The Abbreviations used in the manuscript are listed in Table 3.

•	 Since the true label is unknown, the input data is encoded with each of the distinct labels one at a time.
•	 The encoded data is passed forward through the network.
•	 The goodness value for each of the hidden layers is calculated.
•	 The goodness values of all but the first hidden layer are accumulated.
•	 After following these steps for each label, the label with the highest accumulated goodness is chosen as the 

most appropriate one.

Abbreviations Details

STE Short time energy

FF Forward–forward algorithm

RMS Root mean square

BP Back propagation

ASR Automatic speech recognition

MH Melolontha hippocastani

MM Melolontha melolontha

SGD stochastic gradient descent

KNN k-nearest neighbor algorithm

SVM Support vector machine

MFCC Mel-frequency cepstral coefficients

Table 3.  Abbreviation used in the manuscript.

 

Fig. 7.  Testing architecture of the FF algorithm.
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Result analysis
The simulation results have been analyzed from the context of the selection of STE level for the specific task of 
insect detection in soil, along with the effect of goodness threshold values. The proposed model has also been 
compared with baseline models and another dataset for the scalability analysis in this section. In the end, the 
effect of environmental sounds has been studied.

Effect of segmentation & STE level
As the dataset deals with non-speech sounds, the standard voice activity detection for speech signals may not be 
applied for better performance. In the proposed method, depending on the detection accuracy, a comparative 
analysis has been performed by changing the duration of segmentation as well as the STE threshold level. The 
results have been plotted in Fig. 8. The classification accuracies are calculated for both training and testing, and 
it can be observed that for the duration of ten seconds, the segmentation is working better. Initially, the duration 
of each audio clip is approximately 5 min, which makes the processing computationally expensive, as well as less 
accurate in detection. The lowest accuracy has been observed at the segmentation duration of 5 s and improves 
after that. By using 10-s duration, the training and testing accuracies are satisfactory, and so this duration has 
been selected for segmentation. After getting the segmentation duration fixed, the audio clips in the dataset have 
been rearranged with each 10 s duration. In the next step, the framing and windowing have been done for audio 
preprocessing. For the selection of frames which has relevant audio information, the audio activity detection 
has been performed by using STE with the proper threshold. A comparative analysis of the selection of the STE 
threshold level on Classification Accuracy has been done in Fig. 9. It has been observed that with a threshold 
level of 0.2, the classification accuracy is satisfactory for both training and testing. Hence, in the implementation 
of the proposed algorithm, a frame size of 25 ms with Hamming windowing along with a 0.2 threshold level has 
been used.

Goodness threshold value & number of layers selection
After the selection of the parameters for preprocessing, at the next step, the selection of the threshold value of the 
Goodness function and the number of layers in the architecture of the modified FF algorithm has been done. The 
goodness values of all but the first hidden layer are accumulated using the RMS values. The proposed model has 

Fig. 9.  Effect of STE threshold level on classification accuracy.

 

Fig. 8.  Effect of segmentation on classification accuracy.
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been tested in multiple speech recognition datasets, and it has been observed that with three layers (neural units 
of 500, 1000, and 1000 layers 1, 2, and 3, respectively) performs better than other architectures.

Considering this, in the proposed modified FF model, three layers have been used with 500, 1000, and 1000 
neural units. The hyperparameters are taken as 500 epochs, 0.1 learning rate, and 1234 seed value. For the 
selection of the Goodness threshold value, a comparative analysis has been performed by using training and 
testing classification accuracies and plotted in Fig. 10. It has been observed that the threshold value of 3.5 is 
performing better than the other values. Therefore, 3.5 has been selected as the Goodness threshold value for the 
implementation of the proposed algorithm.

Comparison with baseline model
For comparative analysis of the proposed model, the performance comparison has been done with five baseline 
models, which are used for similar audio-related applications, including MFCC with K-NN (Model-1)18, MFCC 
with SVM (Model-2)64, MFCC with Random Forest (Model-3)64, MFCC with BP (Model-4)65, and MFCC with 
FF (Model-5)44. The details of the parameters of these five models are given in Supplementary Data. Simulation 
has been conducted using Python (version 3.10) within an Anaconda environment. The processing workflow 
utilized the NumPy (version 1.24) and Librosa (version 0.10) libraries for time–frequency analysis and feature 
extraction, including the computation of MFCCs. Audio signal processing was performed on a computer 
equipped with an 11th Generation Intel® Core™ i5-11320H processor (3.20 GHz, 4 cores) and 24 GB of RAM. 
The simulation results are listed in Table 4, which contains six models to be compared along with their evaluation 
parameters, including classification accuracy, precision, recall, F-1 Score, and Computational Complexity. K-fold 
cross-validation helps to get a more accurate sense of how a model will perform on new, unseen data. By testing 
the model on different parts of the dataset multiple times, it reduces the chance of error in the results analysis66. 
In the proposed implementation, a stratified k-fold cross-validation scheme has been used for training and 
testing to ensure each class contains the same class distribution in every fold. Here, the value of k has been taken 
as 5 and the dataset has been randomly divided into five equal subsets, with four subsets used for training and 
one for testing. Each subset has 280 audio samples, and the process is repeated five times to ensure each subset 
is used once for testing.

For proper evaluation of the proposed model using STE & RMS-based modified Forward Forward Algorithm 
(SRFF), classification accuracy, precision, recall, and F-1 score have been used and listed in Table 4. For the 
analysis of computational complexity, a quantitative evaluation measure called the Computational Complexity 
parameter (CCP) is used, similar to the computational speed proposed in67,68 and Real Time Factor69. The 
benchmark is that the CCP value should be less than 1 for real-time implementation, and the lower the value, 
the better. The CCP is defined as

	
CCP = TP × Sg

TD
× 100� (14)

Models Classification accuracy Precision Recall F-1 score CCP AUC

Model-1 0.91 0.91 0.90 0.91 0.64 0.93

Model-2 0.93 0.92 0.91 0.91 0.57 0.94

Model-3 0.92 0.92 0.92 0.92 0.56 0.94

Model-4 0.94 0.93 0.92 0.93 0.64 0.95

Model-5 0.85 0.85 0.84 0.84 0.58 0.87

Proposed model 0.97 0.97 0.96 0.97 0.40 0.96

Table 4.  Performance comparison with baseline models.

 

Fig. 10.  Goodness value selection.
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where the processing time of the algorithm is TP and the total duration of the dataset is TD, and Sg is the 
segmentation ratio. The lower value of CCP indicates the lower computational complexity. The Classification 
Accuracy is calculated from four values: T+ (True Positive), F+ (False Positive), F− (False Negative), and T− (True 
Negative). In the present model, T+ is the number of MH samples predicted accurately as MH, T− is the number 
of MM samples predicted accurately as MM, F+ is the number of MM samples predicted as MH, and F− is the 
number of MH samples predicted as MM. The evaluation matrices are defined as

	
Classification Accuracy = (T+) + (T−)

(T+) + (T−) + (F+) + (F−) � (15)

	
P R = P recision = (T+)

(T+) + (F+) RC = Recall = (T+)
(T+) + (F−) � (16)

	
F − 1Score = 2 × (P R × RC)

(P R + RC) � (17)

By comparing the CCP values, it can be observed that the proposed model has lower computational complexity, 
as due to the STE level-based segmentation selection, the Sg value is comparatively lower than compared to the 
other models. Similarly, comparing the Classification Accuracy, the ranks of the models in ascending order are 
Model-5, 1, 3, 2, 4, and the proposed model. In the descending order of the F-1 score, the ranks are as follows: 
proposed model, Model-4, 3,2,1, and 5. The ranks in the ascending order of Precision and Recall are Model-5, 1, 
3, 2, 4, and the proposed model. The Proposed Model has the highest AUC (Area Under the Receiver Operating 
Characteristic Curve) at 0.96. It ranks positives and negatives very well. This holds true even with a challenging 
class distribution. On an average level, for most of the evaluation parameters, the proposed model achieves a 
better average classification accuracy of more than 5% and minimum computational complexity of 20% than the 
standard baseline models for the insect detection tasks. The computational complexity has been reduced mainly 
due to enhanced segmentation techniques used in the proposed algorithm. The unnecessary computations have 
been reduced by only analysing the selected samples of pest sound where the pest activity has been recorded. 
The initial lengthy recordings have been segmented into smaller-duration recordings, which helped in saving 
the computations.

The confusion matrix is shown in Fig. 11, which demonstrates that the proposed model correctly predicts 
96% of MH cases and 98% of MM cases, with just 4% of MH labeled as MM and 2% of MM labeled as MH. 
These low error rates show the model is highly accurate and reliable, with strong recall for both classes. This is 
especially important in pest detection tasks, where correct predictions are crucial. The balanced performance 
across both categories also suggests the model isn’t biased toward either class, making it a trustworthy choice 
for real-world applications. The classification error analysis of the proposed model with the baseline models is 
shown in Fig. 12. The proposed model stands out with the lowest error, demonstrating that it’s the most accurate 
of all the models. Model 5, on the other hand, has the highest error and performs the worst. Models 2, 3, and 
4 show similar results, while Model 1 performs better than Model 5 but not as well as the other models. These 
results suggest the proposed model is highly accurate and dependable. This is achieved mainly due to the two 
basic modifications in the segmentation operation at the preprocessing level and the modified FF approach. 
In the baseline models, the major challenge lies in segmenting the relevant portions of the data, which creates 
problems in extracting the relevant features. Even though MFCC features are extracted, the raw input data that 
has been given to the model to process plays a crucial role, which is reflected in the results. The FF algorithm 
is also showing improvement in training more accurately than other baseline models with low computational 
complexity.

To check the scalability, robustness, and generalizability of the proposed model, it has been tested with an 
insect pest dataset, which is generated from the rice and pulses insect dataset in stored food grains70. More than 

Fig. 11.  Confusion matrix of the proposed model.
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2000 samples with 48 kHz sampling frequency, with an average duration of 10 s, having two infestation conditions, 
have been tested, such as high and low, with the proposed FF implementation, with storage noise conditions. It 
has been observed that the proposed method has demonstrated more than 95% detection accuracy. This shows 
the better scalability of the proposed model for multiple insect sound-related datasets. In the baseline models, 
which use the traditional audio-based pest detection methods, the computational requirement is on the higher 
side, which is one major limitation in the real-time implementation in rural areas. Additionally, the presence 
of local loss functions, one for each layer in the proposed model, helps to increase the model’s performance 
in terms of accuracy, whereas in traditional methods, one global loss function is used. With the default loss 
function, the squared loss is found to be around 87% while with the modified loss function, it increases to 90%.

Effect of the environmental noise levels
Due to the study of soil insects, there is always a chance of surrounding background noise of the environment, 
including forests. To study the effect of background noise on the proposed model, the two datasets are combined 
with real-life background environmental noises of the forest at different signal-to-noise ratio (SNR) levels, 
similar to the Noizeus dataset37. SNR is a comparative measure that expresses the strength of the desired signal 
relative to the background noise, typically in decibels (dB). After the noisy dataset preparation, the classification 
task is performed using the proposed model. The simulation results are shown in Fig. 13, which contains the 
effect of noise on classification accuracy at different SNR levels for both datasets. The simulation is performed 
with the use of an additional simple yet effective low noise reduction algorithm known as Spectral Subtraction 
(SS)71. The SS algorithm works on the noise level estimation and reduction in the frequency domain without 
affecting the phase of the signal. It can be observed that the effect of background noise can have a significant 
impact on the performance of the detection algorithm. However, the performance can be improved by using the 
noise reduction algorithm. Reducing the noise at the low SNR level is challenging compared to the higher SNR 
values.

Spectral subtraction is a practical and effective method for cleaning up speech signals in noisy environments. 
It works by estimating the background noise and removing it from the audio, which helps improve clarity 
without needing to know the exact type of noise in advance. Recent improvements use models that consider 
how humans actually hear sound, focusing on noise reduction where it’s most noticeable71. Other methods 
adjust to changing noise in real time, preventing issues like unnatural sound artifacts72. Some techniques break 
the audio into frequency bands and clean each one based on its noise level, which helps preserve speech quality. 

Fig. 13.  Effect of environmental noise on performance.

 

Fig. 12.  Classification error analysis.
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Newer approaches even combine spectral subtraction with machine learning to handle more unpredictable noise 
scenarios73. It has been observed from the literature that spectral subtraction works well on noises that can be 
separable in the frequency domain. Noises like environmental sounds, engine noises, and crowded place noises 
have different frequency components as compared to speech and insect sounds73. By using the SS algorithm at 
the first step before using the proposed SRFF algorithm, the performance has been enhanced by a minimum 
of 4%. At Low SNR conditions, like 0 dB and 5 dB, the detection performance clearly improves when the SS 
algorithm is used. For example, both datasets show a noticeable jump in accuracy from around 0.88 to up to 
about 0.93 while using the SS algorithm. This means the SS algorithm really helps when the noise is high and 
the signals are hard to detect. Even at 5 dB, where conditions are a bit better, the algorithm still gives a boost, 
especially for Dataset-1. Overall, the SS algorithm makes a real difference in keeping detection reliable when the 
noise level is challenging, which is crucial for practical applications in tough environments.

Deploying audio-based soil pest detection in real farms means dealing with real-world challenges like noise, 
weather, power, and data. Microphones need to be tuned to pick up pest sounds in the 100–1000  Hz range 
while ignoring wind or machinery noise74. The sensors must be tough—ideally waterproof and dust-resistant 
(IP67)—to survive underground conditions. Since each sensor can generate up to 1 GB of audio data daily, local 
processing or compression is key to keeping storage and transmission practical75. Power is also a concern; low-
energy chips (under 100 mW) and small solar panels (5–10 W) can keep the system running off-grid. These 
practical tweaks are essential for making the technology work reliably in the field. Audio-based soil detection is a 
promising but costly setup, with installation plus system setup may be between $5000–$10,000. For maintenance, 
the cost will be approximately $100 per setup. Audio-based soil detection can make farming more sustainable 
by helping farmers catch issues like pests or soil stress early, just by listening to what’s happening underground. 
Instead of spraying pesticides across entire fields, they can treat only the areas that really need it, cutting down 
on chemicals and protecting helpful insects and soil life. It can also give insights into root growth or soil activity, 
helping farmers water and manage their land more efficiently, which is better for the environment and long-term 
soil health. This technology could be useful in farming communities around the world, including in developing 
countries, because it provides a simple way to keep an eye on soil health and detect pests early76,77. That said, 
upfront costs, access to electricity and internet, and the need for technical know-how might make it harder to 
use in places with fewer resources. Making the system affordable, easy to maintain, and able to work without 
constant connectivity would be important to help farmers everywhere benefit from it.

The audio-based soil detection system can integrate with other smart farming technologies like automated 
irrigation and crop monitoring. It provides real-time insights into soil and root health, helping adjust watering 
schedules and complementing above-ground monitoring tools. Together, these technologies offer farmers a 
more complete picture of their crops, enabling earlier problem detection and smarter resource management. To 
speed up training for pest detection models, especially with large or complex datasets, several smart strategies 
can be adopted. Acoustic analysis helps smart farming by detecting hidden pests early. This allows farmers to act 
before visible damage occurs, and they support healthier crops with smart agriculture. Starting with pre-trained 
models and fine-tuning them (transfer learning) saves time, while using lightweight or efficient architectures 
keeps things fast without sacrificing accuracy. Instead of using deep learning models, application-specific audio 
features can be prepared to reduce computational time. Training can be made quicker with batch processing 
and the use of GPUs. Pre-processing audio into formats like spectrograms ahead of time also helps. Instead 
of collecting tons of new data, using data augmentation and focusing on harder or less common cases can 
make training more effective and efficient. AI-driven pest detection using microphones and audio processing 
raises ethical issues, including potential privacy breaches from unintended recordings, ambiguity around data 
ownership, and the diminishing role of traditional knowledge. Ensuring ethical use requires transparent data 
policies and accountability.

Conclusion
This paper presents a new approach to soil pest detection using speech recognition through a modified 
Forward–forward algorithm and improved segmentation techniques. By using the STE-based segmentation, 
the unnecessary processing has been reduced while still accurately identifying pest sounds underground. 
Unlike traditional backpropagation models, this approach uses application-specific goodness and loss functions 
designed for soil pest sound. This makes the model more effective in noisy, real-world conditions. The proposed 
model has consistently outperformed the baseline models by achieving higher accuracy even in low SNR 
conditions with reduced computational complexity. In the future, this method has the potential to be used 
beyond pest detection. This method can be used in farming to monitor animals by analyzing the signs of stress 
or illness through audio signal analysis. It can also help spot pests, detect leaks in irrigation systems, and check 
on machine health monitoring through audio analysis. Even the plant stress conditions can be monitored for 
stress using appropriate sensors. In the future, the concept of transfer learning from animal sound datasets, along 
with active learning and implementations on training on mobile edge devices, can be explored. In addition to the 
audio analysis, a multi-modal fusion approach can be done, including audio and video analysis. Overall, these 
future applications can help to develop a smart farming practice in agriculture.

Data availability
The datasets analyzed during the current study are available in the Dryad Digital Repository. ​(​​​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​
0​.​5​0​6​1​/​d​r​y​a​d​.​2​j​8​7​6​9​2​​​​​)​​​5​1​​,​​7​8​​​. Görres, Carolyn-Monika; Chesmore, David78. Data from: Active sound production 
of scarab beetle larvae opens up new possibilities for species-specific pest monitoring in soils [Dataset]. Dry-
ad. https://doi.org/10.5061/dryad.2j87692 The insect dataset can be accessed from the Data Hub IIT ​K​h​a​r​a​g​p​
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u​r (https://www.datahubkgp.org)70. The code has been uploaded at https://github.com/TKDSP/srff No animals 
were harmed during data collection.
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