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                     Abstract 
 The cold chain transportation monitoring system is mainly responsible for data monitoring and control in the cold chain 

transportation environment, ensuring the stability of the cold chain compartment environment, and playing an important role 

in the transportation and storage of fresh agricultural products. The traditional Internet of Things cold chain control system 

uses manual input of control parameters to realize the monitoring of the cold chain compartment environment, which lacks 

intelligence. Therefore, the BP (Back propagation, BP) neural network is used to build a cold chain transportation monitoring 

model to realize the dynamic monitoring of the cold chain compartment environment. Considering that the BP network is 

easy to fall into the problem of “local fall”, which leads to the decline of the prediction accuracy of the model, the improved 

discrete artifi cial bee colony algorithm is used to optimize the parameters of the BP neural network, and the fi sh swarm 

algorithm is used to decode the discrete population to obtain the fi nal result. Decimal value to construct the DABC-BP cold 

chain transportation control model. The experimental simulation results show that in the   f
1
(x)     function optimization test, 

the improved DABC-BP (Discrete Artifi cial Bee Colony-Back Propagation Neural Network, DABC-BP) algorithm has the 

best optimization accuracy, and the minimum logarithm after 1000 iterations is  10 −7 . Meanwhile, the DABC algorithm has 

the best convergence performance, reaching convergence after 821 iterations. Compared with related hybrid algorithms 

such as mayfl y algorithm and extreme learning machine, this research method is suitable for harsher environments and 

more sensitive to temperature monitoring. The research has important reference value for the transportation and storage of 

modern agricultural products. 

   Keywords     BP neural network    ·  Cold chain technology    ·  Monitoring system    ·  Internet of Things  

      Introduction 

 Short storage time in the process of logistics and transporta-

tion has been an issue. Especially in the hot and high tem-

perature summer environment, the transportation and preser-

vation problems of agricultural fruits, vegetables, meat and 

other products are more serious. In order to meet people’s 

pursuit of fresh agricultural products, cold chain transporta-

tion monitoring technology was born. The cold chain moni-

toring technology can realize real-time data monitoring of 

the internal environment of the cold chain compartment, and 

ensure that the temperature, humidity, carbon dioxide and 

other contents in the cold chain compartment are maintained 

at a good level. However, for now, my country’s cold chain 

transportation monitoring system is not perfect, which also 

leads to the high loss of cold chain transportation in my 

country. According to the relevant data survey, it is found 

that the direct economic loss of China’s cold chain transpor-

tation is as high as hundreds of billions of yuan every year. 

As a big country in agricultural production, my country pro-

duces 1 billion tons of fresh agricultural products every year, 

and these agricultural fresh products include fresh vegeta-

bles, fresh fruits, fi sh products, meat products, etc. The tem-

perature and humidity in the cold chain compartment will 

directly aff ect the freshness of agricultural products, caus-

ing them to deteriorate and causing economic losses. With 

the application of computer neural network technology and 

Internet of Things communication technology in the fi eld of 

cold chain transportation, the modern cold chain transpor-

tation monitoring system has been improved. Through the 

analysis and processing of cold chain environmental data 
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through computer communication technology, the eff ective 

monitoring and control of the cold chain transportation envi-

ronment will be realized, so as to meet the social demand for 

fresh agricultural products. 

    Related work 

 Neural network algorithm technology is widely used in 

visual processing, data analysis, data prediction and other 

fi elds, domestic and foreign experts have done a lot of data 

research. Zhang et al. ( 2021 ) believed that geological disas-

ters had an impact on the environment, so they constructed a 

new water cycle BP neural network prediction model based 

on the BP (Back Propagation Neural Network, BPNN) neu-

ral network. Performance tests show that the model has 

excellent predictive performance. Manoharan et al. ( 2020 ) 

found that data mining should be classifi ed well, so they 

proposed a water cycle algorithm, standardized random 

constraint selection, and improved the classifi cation eff ect 

and accuracy of the algorithm. Simulation tests show that 

the proposed algorithm has better performance than other 

algorithms. Chung and Shin ( 2020 ) used a multi-channel 

convolutional neural network to predict the stock market, 

and used a genetic algorithm to optimize the network param-

eters. The experimental results show that the proposed algo-

rithm has important application value. Zhou et al. ( 2021 ) 

found that the signal propagation characteristics can be well 

refl ected by the channel state information. Therefore, the 

channel state information optimization is realized based on 

the back-propagation neural network combined with the 

adaptive genetic algorithm. Performance tests show that the 

proposed scheme has better localization eff ect. Huang et al. 

( 2020 ) found that the environmental factors of landslide sus-

ceptibility are non-linear relationships, so they proposed a 

prediction algorithm based on deep learning, in the fully 

connected standby autoencoder. Performance simulation 

tests show that the proposed algorithm has better prediction 

accuracy and accuracy. Zhang et al. ( 2020 ) found that the 

neural network has an excellent eff ect in the fi eld of predic-

tion, so they used a three-layer neural network to predict the 

four growth states of melon. The results show that the pro-

posed algorithm can accurately predict the induced diff eren-

tiation rate of crops, which is better than other algorithms. 

Guo et al. ( 2021 ) found that the neural network has a good 

prediction eff ect on the fl ying rocks caused by blasting. A 

prediction model based on deep neural network is proposed, 

and the model parameters are optimized by fi sh swarm algo-

rithm. The performance test results show that the model has 

accurate prediction performance. Panda and Panda ( 2020 ) 

proposed an improved artifi cial neural network based on 

the traditional artifi cial neural model, adjusted the training 

slope, and derived the weight and slope update algorithm. 

Performance experimental tests show that the model has 

better performance than traditional neural networks. Elbaz 

et al. ( 2021 ) found that shield construction is aff ected by tool 

factors. Therefore, the life of the equipment is estimated by 

combining the neural network and the genetic algorithm. 

The genetic algorithm optimizes the parameters of the neu-

ral network. The experimental results show that the pro-

posed prediction model can be eff ectively applied to the 

shield working environment. Quarto et al. ( 2022 ) proposed 

a predictive model combining INN and heuristic algorithms 

for the selection of EDM parameters. The performance test 

results show that the predicted results are consistent with the 

experimental results. 

 With the continuous development of the cold chain indus-

try, neural network technology is also widely used in the 

monitoring process of cold chain transportation, and domes-

tic and foreign experts have done a lot of data research on 

this. Shi et al. ( 2018 ) designed a radial basis function neu-

ral network model based on principal component analysis, 

which was used to predict the temperature in the cold chain 

environment. The performance test results show that the pro-

posed scheme can eff ectively monitor the freshness of stored 

fi sh fi llets. Zhang et al. ( 2018 ) proposed a rational choice of 

living transport strategy by using the packaging method of 

the designed unit cell and the construction implementation 

monitoring technology. By setting the environmental sen-

sors, the survival rate of cold chain unit cells is ensured. 

Experimental tests show that the proposed scheme pro-

vides a good statistical basis for a reasonable transportation 

method and ensures the eff ectiveness of cold chain transpor-

tation. Sujaree and Samattapapong ( 2021 ) found that a cer-

tain temperature needs to be maintained for vaccine storage 

in a refrigerator. Therefore, a chemical reaction-based hybrid 

algorithm is proposed to be applied to the vaccine cold chain 

network planning environment in northern Thailand. The 

performance test results show that the algorithm can reason-

ably arrange the cold chain transportation route to ensure 

the eff ectiveness of the cold chain transportation. Feng et al. 

( 2020 ) found that IoT technology can provide technical sup-

port for cold chain monitoring. Therefore, a blockchain-

based multi-sensor monitoring system was constructed, and 

neural networks were used to estimate the quality loss of 

frozen shellfi sh. The performance test results show that the 

proposed scheme has excellent prediction accuracy and can 

be eff ectively applied in the cold chain transportation envi-

ronment. Jarupan et al. ( 2022 ) found that under cold chain 

logistics, packaging needs to withstand a certain temperature 

and humidity to ensure eff ective cold chain transportation. 

So adding 1.4% cationic starch and 0.5% AKD improves 

its performance. In the experimental test, the burstability 

and tensile index of the security paper have been eff ectively 

improved, meeting the requirements of modern cold chain 

transportation. 
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 Through the study of relevant data at home and abroad, 

neural networks have a large number of applications in vari-

ous fi elds of society, signifi cantly improving people's work 

effi  ciency. However, neural network technology and Internet 

of Things technology have less research in the fi eld of cold 

chain logistics and transportation. Therefore, in the monitor-

ing of the cold chain transportation of modern agricultural 

products, neural network technology can realize the predic-

tion and monitoring of the environmental conditions of the 

cold chain, and provide important technical support for the 

development of the modern cold chain industry. 

    Construction of monitoring model 
of agricultural product cold chain 
transportation 

   Construction of BP neural network cold chain 
transportation monitoring model 

 The Internet of Things cold chain transportation monitoring 

system is composed of multiple sensor monitoring systems, 

and information transmission is realized through NB-loT 

technology. Each sensor is responsible for the collection and 

processing of various environmental data in the cold chain 

vehicle, so as to monitor the environment of the cold chain 

vehicle. The cold chain transportation alarm mechanism is to 

judge the data collected by the sensor through the threshold 

parameters set by the system, so as to realize the alarm and 

monitoring of the system. This monitoring mechanism has 

a low degree of intelligence and cannot eff ectively monitor 

the ambient temperature. To this end, a BP neural network 

environment data prediction model is constructed to realize 

the intelligent monitoring of the system (Guo et al.  2021 ). 

Figure  1  is a schematic diagram of the IoT agricultural prod-

uct cold chain transportation monitoring system.         

 Each sensor in the cold chain vehicle is responsible for 

monitoring the environmental data of the compartment and 

uploading the vehicle location information, and realizes the 

transmission of communication data through NB-IoT tech-

nology. The data is fi nally uploaded to the data monitoring 

center, and the prediction and monitoring of the environmen-

tal data of the cold chain compartment is realized through 

the big data neural network technology. The temperature 

in the cold chain compartment changes dynamically with 

external factors and time changes, resulting in certain errors 

in the temperature monitoring data of the cold chain. Con-

sidering the nonlinear characteristics of monitoring data, BP 

neural network is used to analyze and predict the nonlinear 

data, and a BP neural network environmental data predic-

tion model is constructed (Chen and Xu  2018 ). Through 

the continuous learning of the environmental data of the 

compartment, the prediction of the environmental data of the 

compartment is realized, and the intelligent early warning of 

the cold chain monitoring system is realized by comparing 

the predicted value with the standard value. 

  Fig. 1       Schematic diagram of 

IOT agricultural products cold 

chain transportation monitoring 

system  
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 BP neural network is mainly composed of three parts: 

input layer, hidden layer and output layer. The transmis-

sion of data information is realized by the connection of 

neurons between each layer. Figure  2  is a schematic dia-

gram of the structure of the BP neural network.         

 The number of hidden layers in the BP network is not 

fi xed, and the same layer is not connected, and the data 

transmission is mainly the neuron connection between 

layers. The original data is processed and transmitted to 

the input layer of the network, and is analyzed and pro-

cessed by the hidden layer, and the fi nal prediction data 

is obtained from the input layer. The principle of neuron 

structure is shown in Fig.  3  (Gruyters et al.  2019 ).         

 Define the input of the   x
1
, x

2
x

3
… xn     neuron as, the 

weight of   wj
1

, wj2, wj3 …wjn     the neuron is, the threshold of 

  bj     the neuron is, the   j     output of   yj     the neuron is, then the   j     

input of the neuron is as shown in formula ( 1 ).

       

 On the basis of formula ( 1 ), the output of the neuron 

can be obtained by processing the input value through the 

Sigmoid excitation function   yj     . The sigmoid activation 

function belongs to a kind of saturation function.

 (1)Sj =

n∑
i=1

wij.xi + bj

       

 By using the unipolar sigmoid activation function as the 

transfer function of the neural network, the network output is 

obtained as shown in Eq. ( 3 ).

       

 Equation ( 3 ) is the fi rst   hj     node of the hidden layer.   j     The BP 

neural network generally adopts the gradient descent method 

for training. First, the training samples are analyzed, and 

the weights and thresholds of the network are continuously 

adjusted, and the errors generated are repaired by neurons. 

BP neural network learning needs to assign initial values to 

parameters, defi ne the network input layer, hidden and output 

nodes as,   n     ,   h     ,   m     , respectively, and the weights of the input 

layer and the hidden layer, the hidden layer and the output layer 

are   wij     and   wjk     , and the corresponding deviations are   aj     and   bj     . 

The sample data is input into the network, and the output of 

each hidden neuron is shown in Eq. ( 4 ).

       

 The output of each neuron in the output layer is shown in 

Eq. ( 5 ).

       

 Through the given error formula, the performance error of 

the network is shown in Eq. ( 6 ).

       

 In formula ( 6 ), it   Yk     represents the expected output. In order 

to obtain an accurate training eff ect for the prediction model, 

it is necessary to judge the preset error or training times. If 

the requirements are not met, the training will be withdrawn. 

The error of each unit of the output layer is shown in Eq. ( 7 ).

       

 The error of each unit in the hidden layer is shown in 

Eq. ( 8 ).

       

 (2)

⎧⎪⎨⎪⎩
log sig(x) =

1

1 + e−x

tan sig(x) =
1 − e−x

1 + e−x

 (3)f (hj) =
1

1 + e−hj

 (4)Hj = f

(
n∑

i=1

wijxi + aj

)

 (5)Ok =

h∑
j=1

Hjwij + bk

 (6)E =
1

2

m∑
k=1

(Yk − Ok)

 (7)𝜎k = Ok(1 − Ok)(Yk − Ok)

 (8)𝜎j = Hj(1 − Hj)

m∑
k=1

𝜎k
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  Fig. 2       Structural schematic diagram of BP neural network  
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 Through the preset learning rate, adjust the weights 

and biases of the neural network until the neural network 

achieves the best training prediction eff ect. 

    Construction of DABC-BP cold chain logistics 
monitoring model 

 The traditional BP neural network is easy to fall into 

the problem of “local fall”. Even if the gradient descent 

method is used to correct the weight, the gradient descent 

method is linear, and the training process is easy to miss 

the optimal solution and increase the training error. There-

fore, an improved artifi cial fi sh swarm algorithm is used 

to dynamically adjust the parameter values of the BP net-

work, and a DABC-BP (Discrete Artifi cial Bee Colony-

Back Propagation Neural Network, DABC-BP) neural 

network monitoring model is constructed. Artifi cial Bee 

Colony Algorithm (ABC) is a kind of swarm algorithm, 

which is a swarm intelligence algorithm derived from the 

cooperative foraging behavior of bees. Diff erent from 

other swarm algorithms in role switching, the bee colony 

of this algorithm can fl exibly realize role switching, guar-

antee the optimal solution with high probability, and has 

a high convergence speed (Pradita et al.  2020 ). 

 Def ining the bee source as   X =
{

X
1
, X

2
, ..Xi

}
     , 

  Xi =
{

xid|d = 1, 2, ..., D|}     is   D     a vector, as shown in for-

mula ( 9 ).

       

 The number of bee sources is   NS     consistent with the 

number of employed peaks and observed bees, which are 

half of the population, and the number of bee sources   NS     

remains unchanged in the iteration. The hiring peak   Xi     

generates new bee sources in the search for bee sources, 

as can be seen in Eq. ( 9 ).

       

 In formula ( 10 ),   k ∈ {1, 2,… , SN, k ≠ i}     ,   Xi     represents 

the employment peak search dimension,   d = {1, 2,… , D}     

represents a random integer,   rid     is a disturbance term, and 

represents the bee colony amplitude. It can be seen from 

Eq. ( 10 ) that the number of iterations increases,   xid     and 

the   xkd     value will gradually approach, so the disturbance 

amplitude will gradually become smaller, making the algo-

rithm closer to the optimal result. After the employment 

peak fi nishes searching for the nectar source, the prob-

ability of the observed bee choosing the bee source will 

be judged in the form of roulette, as shown in Eq. ( 11 ) 

(Kamath et al.  2022 ).

 (9)xid = xid,min
+ rand[0, 1](xid,max

− xid,nin)

 (10)

{
Vi =

{
vid|i = 1, 2,… , SN, d = 1, 2,… , D|}

Vid = xid + rid(xid − xkd)

       

 In Eq. ( 11 ), it   fiti     represents the fi tness value, and the 

calculation expression is as shown in Eq. ( 12 ).

       

 The possibility that the bee source is selected by the bee 

is expressed by formula ( 11 ), and a new neighborhood solu-

tion is generated by formula ( 10 )   Vi     , and   Vi     the   Vi       Xi     fi tness 

value between   fit(Vi) > fit(xi)     the bee source and the bee 

source is   Xi     compared. After the observer bee fi nishes all the 

selection update process, it will get   SN     a solution   fiti     and get 

the optimal solution of the current cycle. Figure  4  shows the 

fl ow of artifi cial fi sh swarm algorithm.         

 Traditional ABC algorithm cannot meet the requirements 

of many discrete optimization problems, so it refers to the 

principle of discrete particle swarm optimization. (Artifi -

cial Bee Colony, DABC). The continuous value initialization 

solution is obtained by formulae ( 9 ) and ( 10 ), and   xid     the 

probability ( 13 ) when the value is 1 can be seen.

       

 Through the conversion of Eq. ( 13 ), the binary   x′
id

     value 

is obtained, as can be seen in Eq. ( 14 ).

       

 Formula ( 14 ), it   rand1     represents a random number in 

the interval [0,1]. Then   v′
id

     the probability ( 13 ) when taking 

the value 1 sees.

       

 Through the conversion of Eq. ( 15 ), the binary   v′
id

     value 

is obtained, as seen in Eq. ( 16 )

       

 Formula ( 16 ), it   rand2     represents a random number in 

the interval [0,1]. 

 The improved discrete artifi cial fi sh swarm algorithm can 

deal with the integer programming problem well, and has a 

good application eff ect in complex multi-factor problems. 

Considering that the improved DABC algorithm has a very 

good processing eff ect on the problem of solving the objec-

tive domain function, it can well deal with the problem of 

 (11)pi = fiti

/
SN∑
i=1

fiti

 (12)fiti =

{
1∕fd(Xi) fd(Xi) > 0

1 + abs(fd(Xi)) fd(Xi) ≤ 0

 (13)sig(xid) =
1

1 + exp(−xid)

 (14)x′
id
=

{
1 sig(xid) > rand1

0 sig(xid) ≤ rand1

 (15)sig(vid) =
1

1 + exp(−vid)

 (16)vid =

{
1 sig(xid) > rand2

0 sig(xid) ≤ rand2
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iterative parameter change of the BP network, so that the 

BP network is closer to the accurate estimated value in the 

training process. Therefore, the discrete artifi cial fi sh swarm 

algorithm is used to optimize the relevant parameters of the 

PB network, and the DABC-BP cold chain logistics moni-

toring model is constructed. The process of improving the 

DABC algorithm to optimize the BP monitoring model is 

to initialize the parameters of the BP model fi rst, and then 

perform binary processing on the initialized parameters, 

and the data results are used as the initial population of the 

improved discrete artifi cial fi sh swarm algorithm. Through 

the fi sh swarm algorithm to decode the discrete population, 

the fi nal decimal value is obtained and used as the network 

parameter of the BP model. Figure  5  shows the results of 

the training process of the DABC-BP cold chain logistics 

monitoring model.         

    Performance simulation test of cold chain 
transportation monitoring model 

 In order to compare the performance of the proposed 

improved DABC-BP model, the number of artifi cial bee 

colonies is set   SN      to 200, the bee colony search dimen-

sion   D     is set to 35, and the optimal setting parameters are 

obtained based on the real data set test. The specifi c settings 

are shown in Table  1 .  

 The cold chain data collected by manual records are test 

data, with a total of 3200 pieces of data, including data such 

  Fig. 4       Artifi cial fi sh swarm 

algorithm fl ow  
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  Fig. 5       Training process results of dabc-bp cold chain logistics moni-

toring model  
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as temperature and humidity. Comparing the four model 

algorithms of ABC-BP, ABCmr (0.3)-BP, and ABCmr (0.7)-

BP, the number of experiments is 50 times, and the average 

and minimum values in the experiment are recorded. The 

simulation experiment is completed in the standard bench-

mark, such as 5 is the experimental result of multi-algorithm 

performance. 

 Figure  6  shows the optimization results of multi-algo-

rithm functions. Figure   6 a   f
1
(x)     shows the optimization 

results under the function. It can be seen from the fi gure that 

the improved DABC-BP algorithm has the best optimization 

accuracy in the process of 50 independent experiments, and 

the minimum logarithm after 1000 iterations is  10 −7 . At the 

same time, the DABC- BP algorithm has the best conver-

gence performance, reaching convergence after 821 itera-

tions. Figure  6 b   f
2
(x)     shows the optimization results under 

the function. The improved DABC-BP algorithm has the 

best optimization accuracy performance, and the minimum 

logarithm after 1000 iterations is  10 –14 . The worst optimiza-

tion accuracy is the traditional ABC-BP algorithm, and the 

minimum logarithm after 1000 iterations is  10 −6 . It can be 

seen that the improved DABC-BP algorithm has excellent 

optimization accuracy and convergence performance.         

 In order to verify the eff ect of the proposed DABC-BP 

cold chain transportation monitoring model, the adaptive 

learning rate is set to 0.25, the initial values of the growth 

ratio and the decline ratio are 1.1 and 0.8, respectively, and 

the number of neurons in the input layer and output layer 

are 3 and 1, respectively., the number of neurons in the hid-

den layer is in the range of 3–14, and the initial value of the 

momentum term is 0.85. Figure  6  is a training diagram of 

the number of model iterations, training time, and predic-

tion results. 

 Figure  7  shows the performance comparison results of 

the DABC-BP cold chain transportation monitoring model 

under diff erent numbers of neurons in the hidden layer. Fig-

ure  7 a shows the relationship between the number of neurons 

in the hidden layer of the DABC-BP model and the time. 

When the number of neurons in the hidden layer is between 6 

and 10, the training time of the DABC-BP model is shorter. 

Figure  7 b shows the results of the relationship between the 

number of neurons in the hidden layer and the number of 

iterations. When the number of neurons in the hidden layer 

is between 5 and 10, the iterative convergence eff ect of the 

DABC-BP model is better, and they can all converge within 

700 iterations. convergence. Figure  7 c shows the number of 

neurons in the hidden layer and the quasi-accuracy results 

of the model prediction. When the number of neurons is 7, 

9, and 11, the accuracy values of the DABC-BP model are 

0.91, 0.91, and 0.90, respectively. Based on the above com-

parison, when the number of neurons in the hidden layer is 

set to 7, the model has the best comprehensive performance. 

Therefore, setting the number of neurons in the hidden layer 

to 7 will facilitate the development of subsequent perfor-

mance testing experiments. Figure  8  shows the temperature 

prediction results of multiple models at diff erent times.                 

  Table 1       Parameter value settings  

  Parameter type    Defaults  

  Artifi cial colony scale SN    200  

  Group search dimension D    35  

  Limit    35  

  Termination condition Mmaxcyles    1000  

  code length    10  
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 Figure  8  shows the temperature prediction results of mul-

tiple models at diff erent time states. Considering that tem-

perature has a direct impact on the quality of agricultural 

products in the cold chain compartment, 4 h from 2:00 p.m. 

to 6:00 p.m. in a cold chain compartment was selected as 

the experimental test period. The experiment was tested a 

total of 50 times. Figure  8 a shows the predicted and actual 

results of the temperature in the cold chain compartment. 

From the data in the fi gure, it can be seen that the tempera-

ture changes in the compartment are diff erent in diff erent 

time periods, especially in the afternoon high tempera-

ture period, the overall temperature in the compartment is 

  Fig. 7       Performance comparison 

results of DABC-BP cold chain 

transport monitoring model 

under diff erent number of neu-

rons in hidden layer  
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relatively high. Predictive performance. Compared with the 

single BP model, the DABC-BP model has obvious perfor-

mance advantages. The DABC-BP model is closer to the real 

temperature value, and the overall curve fl uctuation is lower. 

When the traditional BP model faces a complex multi-factor 

temperature environment, it cannot eff ectively process non-

linear multi-factor data, and it is easy to fall into local con-

vergence. There is a large error between the predicted curve 

and the actual value, and the overall fl uctuation of the curve 

is also relatively small big. Figure  8 b shows the temperature 

prediction accuracy value in the cold chain compartment. It 

can be seen from the data in the fi gure that in the period of 

0–250, the average temperature prediction accuracy of the 

DABC-BP model can be maintained above 94.68%, and the 

overall curve fl uctuation is relatively gentle. The traditional 

BP model has a low overall temperature prediction accuracy. 

In the period of 0–250, the average temperature prediction 

accuracy of the BP model is lower than 90.69%, and the 

overall curve fl uctuates greatly. Considering that the agricul-

tural products in the cold chain compartment are extremely 

sensitive to temperature, large fl uctuations in temperature 

will inevitably aff ect the quality of agricultural products, and 

it is diffi  cult for the traditional BP model to eff ectively meet 

the requirements of the cold chain transportation control sys-

tem. Figure  9  shows the results of environmental humidity 

prediction accuracy of multiple models at diff erent times.         

 Figure  9  shows the humidity prediction results of multiple 

models at diff erent times. Figure  9 a shows the results of the 

predicted and actual humidity values in the cold chain com-

partment. The experiment was tested 50 times in total, and 

the data of the 50 times of the model test was drawn into a 

scatter plot, where the red line was the real relative humid-

ity value monitored by the instrument in the cabin. It can be 

clearly seen from Fig.  9 a that the predicted distribution value 

of the BP model is wide, and there is a large error with the 

real predicted value. From 11:00 to 13:00, the overall fl uctu-

ation of the BP model is large. Compared with the traditional 

BP model, the overall prediction distribution of the DABC-

BP model is more concentrated, closer to the true value, 

and there is no large fl uctuation, and the overall prediction 

is more accurate and stable. Figure  9 b shows the accuracy 

results of the humidity prediction value in the cold chain 

compartment. It can be seen from the data in the fi gure that 

the traditional BP model has a low accuracy in predicting 

the air humidity in the cabin at diff erent times. From 10:00 

to 14:00, the prediction accuracy of the cabin air humid-

ity of the traditional BP model is 79.52%, 77.56%, 81.56%, 

and 80.65%, respectively. The air humidity prediction accu-

racy values of the DABC-BP model from 10:00 to 14:00 

are 91.65%, 92.65%, 93.65%, and 95.65%, respectively. It 

can be seen from the data in the fi gure that the DABC-BP 

model has higher air humidity prediction accuracy at dif-

ferent times, the model air humidity accuracy rate remains 

above 90%, and the overall prediction performance is better. 

Especially at 10:00–14:00, the humidity and temperature in 

the air environment have great changes. It is diffi  cult for the 

traditional BP model to analyze the complex factors in the 

environment. At 12:00, there is a large prediction error, and 

the DABC-BP model uses the DABC algorithm to dynami-

cally adjust and optimize the multi-parameters of the model, 

and still has a high prediction accuracy performance in a 

complex data environment. In order to better test the per-

formance of the DABC-BP cold chain transportation control 

model, 25 rounds of environmental parameter predictions 

will be carried out on the temperature and humidity in the 

cold chain compartment environment at diff erent times and 
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  Fig. 9       Prediction accuracy results of environmental humidity with multiple models at diff erent times  
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temperatures. 11–20 is the forecast environment for sunny 

days, and 21–25 is the forecast environment for cloudy days. 

The results are shown in Table  2 .  

 Table  2  shows the prediction results of each model under 

diff erent environmental types. From the data in Table  2 , it 

can be seen that samples 1–10 are test environments in rainy 

days, and the environment in rainy seasons has great interfer-

ence with temperature and humidity. Therefore, compared 

with the cloudy and sunny test environments, the BP model 

and the DABC-BP model have lower prediction accuracy, 

but the DABC-BP model has the best temperature predic-

tion performance and humidity prediction performance. In 

samples 6–10, the temperature prediction accuracy of the BP 

model is 84.65%, 82.64%, 79.64%, 72.63%, 81.64%, and the 

temperature prediction accuracy of the DABC-BP model is 

95.04%, 94.01%, 95.01%, 94.01%, 95.02%, 95.03%. Sam-

ples 11–20 are the sunny test environment. Compared with 

the rainy test environment, the prediction accuracy of the 

two models is improved. In samples 11–15, the temperature 

prediction accuracy of the BP model is 85.64%, 86.65%, and 

85.64%, respectively., 84.63%, 85.44%, and the temperature 

prediction accuracy of the DABC-BP model was 95.02%, 

94.03%, 95.01%, 94.76%, and 94.91%, respectively. Samples 

21–25 are cloudy test environments. In a cloudy environ-

ment, the air temperature and humidity change little through-

out the day, and there are fewer environmental interference 

factors. Both the BP model and the DABC-BP model have 

the best prediction performance, but compared with the two, 

the DABC-BP model has better prediction eff ect and bet-

ter error performance. In samples 21–25, the relative errors 

of DABC-BP model prediction were 0.96, − 0.95, − 0.72, 

− 0.96, and − 0.85, respectively. It can be seen that the 

proposed DABC-BP cold chain transportation monitoring 

model has excellent performance both in the prediction of 

the temperature value of the cabin and the prediction of the 

humidity value, which meets the requirements of the con-

struction of the cold chain transportation monitoring system. 

Finally, the resource computation and resource utilization of 

the two models are compared in terms of time and memory 

usage, as shown in Table  3 .  

 It can be seen from the tabular data that the two models in 

the system test are diff erent in terms of calculation amount, 

  Table 2       Shows the prediction results of various models under diff erent environmental types  

  Data samples    BP model    DABC-BP model  

  Temperature 

prediction (%)  

  Humidity predic-

tion (%)  

  Relative error (%)    Temperature 

prediction (%)  

  Humidity predic-

tion (%)  

  Relative error (%)  

  1    80.56    78.66    − 1.89    92.05    92.36    − 1.12  

  2    79.56    76.64    1.76    93.01    91.96    1.11  

  3    81.45    78.65    1.66    92.99    91.85    − 1.16  

  4    81.45    76.64    1.56    93.94    90.4    0.96  

  5    83.45    75.64    − 1.25    95.04    91.61    − 0.85  

  6    84.65    76.64    − 1.12    94.01    91.82    − 0.72  

  7    82.64    75.91    − 1.56    95.01    92.57    − 0.96  

  8    79.64    76.89    1.45    94.01    91.61    − 0.85  

  9    72.63    78.09    1.25    95.02    92.77    2.05  

  10    81.64    76.08    − 1.96    95.03    91.63    − 0.96  

  11    85.64    79.10    1.46    95.02    94.58    0.89  

  12    86.65    79.06    1.35    94.03    94.46    1.03  

  13    85.64    79.05    1.65    95.01    94.66    1.15  

  14    84.63    79.90    − 1.26    94.76    93.16    − 0.86  

  15    85.44    80.01    − 1.46    94.91    93.53    − 0.96  

  16    85.65    80.12    1.56    95.99    94.66    1.06  

  17    86.04    80.97    − 1.75    94.99    93.51    − 0.75  

  18    84.06    81.11    1.86    96.02    94.49    0.76  

  19    85.04    81.07    1.35    96.96    93.69    0.85  

  20    84.03    81.13    1.65    96.94    95.08    − 1.05  

  21    86.65    83.54    − 1.26    96.04    96.56    0.96  

  22    87.65    82.57    − 1.46    97.01    96.45    − 0.95  

  23    86.64    83.56    1.56    98.01    96.75    − 0.72  

  24    87.64    83.58    − 1.75    97.01    97.65    − 0.96  

  25    87.98    83.65    1.86    98.02    96.85    − 0.85  
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time, and resource occupation. The DABC-BP model is less 

time consuming and more resource effi  cient. But the system 

occupancy rate is higher than 46.46% of BP model. In terms 

of system calculation amount, BP calculation amount is rela-

tively large, which is 5 bytes, and DABC-BP is 4 bytes. It 

can be seen that the DABC-BP model is simpler to calculate, 

takes less time, and has better resource scheduling. There-

fore, the DABC-BP cold chain transportation monitoring 

model proposed in this paper has excellent performance 

in the prediction of cabin temperature value and humidity 

value, and meets the requirements of cold chain transporta-

tion monitoring system construction. 

     Conclusion 

 The cold chain transportation monitoring system is the 

core of cold chain technology. The traditional cold chain 

monitoring is less intelligent, and it is diffi  cult to meet 

people’s requirements for fresh agricultural products. 

Therefore, BP neural network is used to build a cold chain 

transportation monitoring model to realize intelligent 

monitoring of cold chain environmental data. However, 

the traditional BP model is easy to fall into the problem 

of “local fall” when dealing with complex nonlinear data. 

Therefore, an improved discrete artifi cial bee colony algo-

rithm is adopted to realize the dynamic adjustment of BP 

network parameters, and the DABC-BP cold chain trans-

portation control model is constructed. The experimental 

simulation results show that in the multi-model tempera-

ture prediction, the temperature prediction accuracy of the 

traditional BP model is lower than 90.69% in the period 

of 0–250, while the average temperature prediction accu-

racy of the DABC-BP model is higher than 94.68%. It 

can be seen that the DABC-BP model performs better in 

temperature prediction. In humidity prediction, the accu-

racy rates of the traditional BP model’s cabin air humid-

ity prediction are 79.52%, 77.56%, 81.56%, and 80.65%, 

respectively, from 10:00 to 14:00, while the DABC-BP 

model is at 10:00–14:00. The air humidity prediction 

accuracy values at time are 91.65%, 92.65%, 93.65%, and 

95.65%, respectively. It can be seen that the DABC-BP 

model has a good prediction eff ect on the temperature 

and humidity data of the cold chain compartment, which 

meets the requirements of modern cold chain transporta-

tion control. However, there are still shortcomings in the 

research. Only the impact of temperature and humidity on 

cold chain transportation is considered. In the later stage, 

other factors need to be added for reference to improve the 

prediction eff ect of the model. 
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