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Abstract Mission evaluation is a new requirement for capability evaluation of the weapon system of systems

(WSOS) in the era of big data, and is based on evaluating large-scale tasks with similar attributes. The use

of traditional methods by military experts to evaluate large scale tasks incurs significant time cost and results

in low accuracy, and is caused by a variety of factors that cause confusion. Therefore, we developed a system

to assist military personnel in improving the efficiency of mission evaluation; the main innovations of our

work include the qualitative and quantitative visualization of complex information is realized in a three-pane

interface. We also realize the iterative and interactive evaluation modes of large-scale tasks by using the

active learning method; moreover, the overall display of large-scale task evaluation results is realized using

statistical graphics. In practical application, the system not only improves the users’ efficiency and accuracy

scores, but also helps to achieve the recognition evaluation for the overall scoring results.
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1 Introduction

In system engineering, war is a special social system known as an open complex giant system (OCGS).

From his research on three giant complex systems (social systems, human systems, and geographical

information systems), China’s famous scientist Tsien Hsue-Shen drew the conclusion that the only ef-

fective method for studying OCGSs is a combination of qualitative and quantitative methods. Modern

war is the confrontation between combat systems of systems, which are substantially WSOSs when not

considering human factors. A WSOS is a higher level of weapons system composed of various other

weapon systems whose functions contact and interact to complete certain missions under the guidance

of a certain strategy. Obviously, WSOS is a complex system, and operation actions and tasks are always

affected by various complex factors. Therefore, the performance of WSOS cannot be evaluated with

a simple quantitative calculation; instead, it often requires comprehensive qualitative and quantitative

analyses by experts. In the traditional evaluation of WSOS for a specific task, military experts simply
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Figure 1 From task evaluation to mission evaluation. (a) Traditional patterns of task evaluation; (b) mission evaluation

based on large scale tasks; (c) mission packages including multiple missions; (d) visual interaction and iteration.

draw a conclusion from one to several simulation tasks, as shown in Figure 1(a). However, the results

are often partial and cannot reflect the integrity and the uncertainty of WSOS capabilities. The current

evaluation is more concerned with a specific mission, which is a set of large-scale tasks under a general

goal of WSOS, as shown in Figure 1(b). The completion degree of the mission can comprehensively and

objectively reflect the capability of the WSOS, but there will be more challenges. The first of the two

main problems to solve is the scarcity of high-level military experts. In military practice, the evalua-

tion criteria cannot be simple quantification, and mission evaluation by experienced commanders and

high-level military experts, combining both qualitative and quantitative methods, is often required. An

important secondary facet is improving the accuracy of expert evaluation, as the complex relationship of

task attributes will cause confusion of evaluation criteria as the number of tasks increases.

Based on the principle of combining qualitative and quantitative analysis, we use a novel approach

to integrate visual, interactive, and active learning techniques into the evaluation of operational tasks,

and develop an expert mission evaluation system. The system can improve the quality and efficiency

of large-scale task evaluation in two aspects: the informational expression of tasks and the intelligent

learning of experts’ scoring rules. Compared to the known military evaluation methods and systems, the

system in this paper is a new mode for expert evaluation. Specifically, it has the following contributions:

(i) A three-pane interface: battlefield task information visualization, attribute space clustering, and

observe-orient-decide-action (OODA) combat interactive network visualization.

(ii) The iterative scoring method based on active learning: obtaining prediction evaluations of large-

scale tasks from a few tasks scored by experts.

(iii) Feature information display of evaluation results: demonstrating the features of evaluation results

from multiple perspectives based on statistical indicators and graphics.

Based on the above methods and modes, military experts can efficiently evaluate all kinds of missions

(Figure 1(c)) by way of visual interaction and iteration relying on the system as shown in Figure 1(d),

and the evaluation results of these tasks can be analyzed intuitively from multiple angles. Compared

with traditional methods, our system not only considers the quantitative factors of the task itself, but

also considers the qualitative factors of the whole, that is, a mixed mode. These features ensure the

practicality and accuracy of our approach.
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2 Related work

Since the beginning of the century, some research groups in China have studied and constructed the

hall for workshop of meta synthetic engineering (HWME) to solve practical field problems for the ex-

pert evaluation problem of OCGS according to the comprehensive integration method [1] proposed by

Tsien Hsueshen. It is essentially a highly intelligent human-machine interaction system comprised of

expert groups, information data, and computer technology. Dai of the Institute of Automation, Chinese

Academy of Sciences, with his research team, designed the cyber space for workshop of meta synthetic

engineering (CWME) based on cyber space; their method involved the construction of an expert discus-

sion environment without time and geographical restrictions, and was used in macroeconomic decision

support [2–4]. The National Defense University team led by Hu and Si put forward an integrated idea of

on demand services, and constructed a virtual simulation environment servicing national defense strategy

decision making [5, 6]. Zhang and his team at Shanghai Jiaotong University studied the visual perfor-

mance of experts’ views in group discussion [7, 8]. Xiong at Hubei University of Technology conducted

visualization of reasoning processes in group discussion [9]. The above systems focus mainly on facilitating

the collaboration of experts and making their respective views accessible.

2.1 Game analysis

Ball games provide a good reference for the natural similarity they share with WSOS regarding char-

acteristics of team cooperation and confrontation. Although there are differences between the specific

data forms of weapon systems and the ball game data, the characteristics of their data as a whole

are similar. For example, both include statistical data, track data, and movement of time and space

data. Current research on these games not only focuses on the quick and accurate understanding the

game information, but also analyzes the player or team performance in the game; i.e., player efficiency,

coach substitution strategy, and pause strategy. The analysis of basketball games: Ref. [10] measured

the efficiency of the players and the team, Ref. [11] analyzed the characteristics of the game data, and

Ref. [12] analyzed the characteristics of players. The analysis of football games: Refs. [13, 14] showed

the differences of performance between the players using visual methods, Ref. [15,16] performed a visual

analysis of temporal and spatial characteristics on the team’s overall performance, Ref. [17] searched and

visualized the characteristics of important moments of games and events using a classifier. In the above

game researches, visualization and machine learning methods can help professionals to conduct in-depth

analysis and evaluation of games and players, which is similar to the combat analysis of military experts.

The completion degree of tasks in the game can be evaluated by scores; however, the evaluation of tasks

in war must consider more complex factors involving the tasks themselves and their overall impact on

real combat. Therefore, the comprehensive judgments of high-level experts are necessary to military task

evaluations. In order to make up for the shortage of experts, reduce the workload of high-level experts,

and improve the accuracy of machine learning on expert evaluation rules, we simultaneously study active

learning methods.

2.2 Active learning method

The active learning method was originally proposed by professor Angluin at Yale University, and published

in her paper Queries and Concept Learning [18]. To overcome deficiencies in semi-supervised learning

and achieve cost-effective active learning, this study not only considers marked data as prior knowledge

to train, but also chooses optimum unmarked data to query, thus stimulating the human learning process

of ask and answer. Active learning has drawn extensive attention and has developed rapidly as it enables

high performance classification of large scale samples using fewer training samples. A survey by Tomanek

and Olsson [19] showed that 90.7% of researchers used the active learning algorithm to achieve desired

results in their projects; results of a separate survey show that a few multinational IT companies such as

Google, IBM, Microsoft, and Siemens have introduced active learning algorithms to improve the learning

effect in current projects [20, 21]. In the academic field of machine learning, the active learning method
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has always been a hot issue in important academic conferences and leading international journals in recent

years.

Active learning has been widely used in many fields; for example, network data classification [22–26],

text categorization [27, 28], image retrieval [29], emotion classification [30], video retrieval [31], stream

data mining [32], information retrieval [33], image segmentation [34, 35], three-dimensional model con-

struction [36,37] and personalized recommendation [38–40]. Through its application in different fields, it

is known that to obtain good learning results, we must make full use of the inherent characteristics of field

data and a good visual interactive environment to help field experts make the best choices. For example,

in the field of network data classification, ref. [22] used the center of a graph and community discovery

to study the relationship between network data, and measured the information content of samples from

various angles using multiple strategies. Existing literature [24] determined that the influence of nodes

was an important measurement criterion by using dependence between nodes. In the field of text cat-

egorization, the relationship between texts was displayed by way of the network topology, and a visual

interactive environment for active learning was realized [28]. In the field of image segmentation, according

to the characteristics of an image, Top et al. [35] considered the image pixel point gradient, curvature,

and the uncertainty of the partition results as the comprehensive basis for the query. In the field of 3D

model construction, Gao et al. [36] studied global and local features by using the decomposition feature

of the model, and mapped the 3D model onto 2D plane to assist users when making choices.

By summarizing the above methods, we find that the combination of active learning and visualization

can effectively help experts in the field to work. Specifically, it can improve the accuracy of expert

evaluation and realize automatic scoring by learning expert evaluation rules.

3 Workflow of the system

To more clearly describe our system, we provide an overview of the entire process of system usage.

Step 1. According to the specific mission of a certain type of WSOS, the experiment personnel carry out

multiple simulation experiments relying on the experiment platform of the simulation, and the simulation

experiment data are thereby produced.

Step 2. The mission evaluation system extracts data related to task evaluation, and constructs the

task set space where these tasks have not been evaluated.

Step 3. These task data are projected into a three-pane visualization interface using three visualization

methods: the similarity space visualization method based on task attribute clustering, task information

visualization method based on the battlefield environment, and overall impact visualization based on an

OODA interactive network.

Step 4. The first scored tasks are selected independently by an expert based on the three-pane inter-

active interface.

Step 5. According to evaluation information, the classification training of the task set space would be

taken by the machine learning model. The active learning model then selects the tasks most needed to

be queried, and provides them to the experts for scoring.

Step 6. The evaluation results of all tasks are displayed by the statistical graphical interface as the

evaluation basis of the WSOS mission.

The specific process is shown in Figure 2.

4 System implementation

4.1 Task definition

Here, we briefly define the concepts and mathematical symbols involved in this paper. It is assumed

there are a total of n tasks in the task instance set TD = {x1, . . . , xn}. The first scored task set L =

{(x1, y1), . . . , (xl, yl)} is obtained after experts scored l tasks, and yi ∈ Y = {0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10} is
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Figure 2 Work flow chart of the system.

the value of the task score; other non-scoring tasks are defined as U = {xl+1, . . . , xl+u}, where n = l+ u

and l ≪ u. Each task instance xi has several task attributes xia; the number and content of the specific

attributes are determined by the specific evaluation task. Taking the air defense early warning mission

in this paper as an example, task attributes include warning type, target orientation, target height, and

target type.

4.2 Three-view interactive interface

Whether in ancient or modern war, visualization is an important tool for military personnel to analyze

battlefield information; therefore, the visual interface is a very important part of our mission evaluation

system. Owing to the nature of evaluating a combat mission, our system not only considers the completion

of the task itself, but also considers the impact of the entire operational process; moreover, it cannot

be divorced from the real operational environment. Based on the above three points, we designed the

interactive interface of the three views to realize the combination of qualitative and quantitative visual

analysis methods. To improve the efficiency of the analysis, the visual content of the three-view interface

can be dynamic depending on the selections of the operator, and the relevant correlations are shown. The

structure is shown in Figure 3, and the interface is shown in Figure 4. Thus, to provide a more detailed

description of this part, we take the air defense and early warning tasks as examples.

4.2.1 Visualization of the battlefield environment based on task information

To assess the capability of an air defense SOS for the early warning of air targets, it is imperative to

simulate a large number of diverse warning tasks. For traditional task oriented evaluation, military

personnel can effectively evaluate the tasks in the original battlefield environment visualization, as the

number of tasks is low. However, for mission oriented evaluation, what and how to display battlefield

information to help military experts to the greatest possible extent becomes the challenge of our work.

First, we visually integrate the information of the WSOS related to a combat mission into the battlefield

environment. Second, we identify the space position of the task in the form of the target. Finally, we

distinguish the target signature based on the main attributes of the specific combat tasks. The battlefield

environment visualization of an air defense WSOS for an early warning mission is shown in Figure 4(b).

The information of the WSOS is as follows: the green and circular sectors represent the warning range

of the air defense WSOS. Task space position: six aircraft icons in the air represent the space position of
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the six early warning tasks. Task attribute information: different aircraft icons represent different kinds

of targets; the outer ring represents the identification of friend or foe (IFF) task, the inner ring represents

the non-cooperative target recognition (NCTR) task, non-ring represents the detect (DET) task, and

the color of ring represents the side of the target. The connection lines between targets represent a high

range of targets (e.g., yellow represents a higher elevation, red represents a lower elevation). Based on

the above information display when superimposed, experts can make quick evaluations when only one

single attribute is different. For example, if all task attributes are same except for target type, then the

task score will be higher when the aircraft is more advanced. However, it is difficult to make a clear

judgment when there are a lot of tasks with multiple different attribute values. Thus, we provide the

second visualization interface.

4.2.2 The similarity space visualization based on task attributes clustering

By calculating of the similarities between the task attributes, we provide a visual analysis of task clus-

tering. Because the task attributes are heterogeneous, the attribute data of tasks are often of multiple

types. Taking the early warning tasks as an example, the height is numeric, the target type is ordinal, and

the warning type is nominal. To solve this problem, we convert all important attributes to the common

interval [0.0, 0.1], and combine these different attributes into the same similarity matrix. If the data set

contains P attributes a of mixed types, the similarity distance d(I, j) between tasks i and j is defined as

d(i, j) =

∑p

a=1 δ
(a)
ij d

(a)
ij

∑p

a=1 δ
(a)
ij

, (1)

where δ
(a)
ij is used to judge the possibility of computing similarity. The indicator δ

(a)
ij = 0, if either xia

or xja, is missing (i.e., there is no measurement of attribute a for task i or j); otherwise, δ
(a)
ij = 1. The

contribution of attribute a to the dissimilarity between i and j (i.e., d
(a)
ij ), is computed according to its

type.

(1) If a is a numeric: d
(a)
ij =

|xia−xja|
maxhxha−minhxha

, where h runs over all non-missing objects for attribute

a.

(2) If a is nominal or binary: d
(a)
ij = 0 if xia = xja; otherwise, d

(a)
ij = 1.

(3) If a is ordinal: Ma represents the number of possible states, and ria represents corresponding rank.

Compute ranks ria and zia = ria−1
Ma−1 , and treat zia as numeric.

Here, the normalization method of different types is given, and the specific similarity measure will be

introduced in the active learning algorithm. A similarity matrix is obtained by comprehensive distance
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Figure 4 Three-pane interactive interface. (a) Similarity space visualization based on task attribute clustering; (b)

visualization of battlefield environment based on task information; (c) visualization of the whole operation effect based on

OODA interaction network.

calculation of the three types, and the clustering is then visualized. The clustering of six warning tasks

is shown in Figure 4(a). Each point in the space represents a task, and the distance between two points

measures the difference between the two tasks. Experts can make an overall judgment on all tasks

using this visualization tool and determine the standard for evaluation. Our experiment proves that this

method cannot improve both efficiency and accuracy. Moreover, experts can choose a representative task

to score by using clustering visualization in their first evaluation, thereby improving learning accuracy

and reducing the number of query iterations. However, it is only a measure of the task itself, and cannot

reflect the impact of a single task on the entire confrontation. Therefore, we provide a visual interface

based on OODA interactive network to reflect the impact of the task on the entire confrontation process

and to help the experts produce a comprehensive assessment.

4.2.3 Whole operation effect visualization based on OODA interaction network

The OODA loop [41] proposed by the United States Army colonel John Boyd is a kind of high abstrac-

tion of the operation process “Observe-Orient-Decide-Act”. In accordance with the needs stated in the

evaluation of combat missions, we further refine them into 26 kinds of events corresponding to the rules

of military affairs, and these events can help us describe the whole process of the operation in detail.

Any operational result is produced by the joint actions of these events. By the retrospective analysis

of a combat task result, we can arrange the relevant events of the task to form a closed loop, which

is essentially the OODA loop. Figure 4(c) shows the OODA loop of one of six warning tasks: “satel-

lite detect aircraft”, “satellite transmit information to control center”, “control center send command

to missile brigade”, “missile brigade send command to missile battalion”, and “missile battalion fire to

aircraft”. These events constitute a complete OODA loop. Through this example, we discover that this

warning task plays a key role in the final missile attack, and it would be highly evaluated. While some

other warning tasks also find aircraft, they do not aid the WSOS in shooting them down for various

reasons, and therefore cannot be given a higher evaluation. It is in line with actual operational rules

that we evaluate tasks by the final combat efficacy. Our system enables the retrospective analyses of

all key events and forms a few OODA loops. We merge the same combat unit involved into each of

these loops, and eventually all loops are synthesized into a net, called an OODA interaction network (as

shown in Figure 5). This net structure can precisely reflect the actual operational mechanism; that a

task may impact a few combat results. Military experts can observe combat efficacy by analyzing the

OODA interactive net.
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Figure 5 OODA interactive network.

4.3 Active learning algorithm

To learn fast expert evaluation principles with the least number of queries, the system introduces the active

learning model to help experts evaluate large-scale tasks. Because our task data comes from multiple

simulation results, the system default takes the tasks of the first simulation as the initial selection task

set for the experts, and the experts can independently determine the initial number of evaluation tasks;

the next evaluation number is provided by the active learning model.

4.3.1 Similarity measure and optimization calculation

We use a global similarity matrix to express the relation between tasks for calculating all tasks efficiently

in a unified manner. In Subsection 4.2.2, we provide a method for calculating the similarity distance

between three different types of tasks. In this section, we provide an additional calculation formula for

each element in the similarity matrix:

wij = exp

(

−
d(i, j)2

σ2

)

, (2)

σ is a measure parameter of the attribute weight. It can be adjusted in the system, though its default

value is 1 in our experiment. d(i, j) is the normalized distance of all attributes, as shown in Subsection

4.2.2. In order to efficiently compute the distance between tasks, we use the framework provided in

[42], as this framework can provide the optimal low dimensional embedding to improve computational

efficiency; it maps the original distance matrix onto a low dimensional manifold by using the Diffusion

Heat technique. We define the global similarity matrix W = [wij ] and G as the global similarity graph.

N task instances in all task instances TD = {x1, . . . , xn} are represented as points on the G, while the

similarity distances wij between tasks are represented by edges of the G. Per the theorem analysis in [43],

the global similarity matrix also shows the transition probability between tasks; therefore, we consider

the relation of task scores as the energy conversion on the Gauss field,

EG(y) =
1

2

∑

ij

wij(yi − yj)
2. (3)

We define yi as the value of the scored task i (i ∈ l) in Subsection 4.1. Now yi is derived forthe entire

task set TD, and it represents the desired value of the task i (i ∈ n). y is defined as the function of yi,

so the prediction of task evaluation is, in actuality, the process of the solution.
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First, according to the nature of the graph, the diagonal matrix of the degree of all nodes on the graph

is defined, and the matrix Z = D−1W can then be obtained by the global similarity matrix W .

Second, according to the properties of the harmonic function, the solution of the energy function is

y = argminy|L=yl
EG(y) = Zy. Depending on whether the task is scored, W and y can be decomposed

into
[

Wll Wlu

Wul Wuu

]

and
[

yl

yu

]

, respectively. Therefore, we can obtain the solution to the non-evaluation task.

Finally, the algorithm is optimized. Since Z is a real symmetric matrix D− 1

2WD− 1

2 , it can be trans-

formed into a matrix, and the normalized eigenvalues are obtained 1 = λ0 > λ1 > · · · > 0. By taking the

first u feature value of the maximum vectors, the similarity matrix is embedded into the low dimensional

space for efficient computation.

4.3.2 Selection strategy

The key functions of the active learning algorithm in the system are to design sampling criteria for

measuring tasks and to select high value tasks for the military personnel to evaluate. The uncertainty

of unlabeled samples is always taken as an important selection factor. Entropy is used to measure

uncertainty in our system: first, according to the task information evaluated by military personnel, the

learning algorithm predicts the unevaluated tasks and obtains the posterior probabilities p(yi) of each

unevaluated task i; second, the information entropy of each unevaluated task is calculated based on the

posterior probability.

H(i) = −
∑

yi∈Y

p(yi)logp(yi). (4)

Per the characteristics of information entropy in information theory, greater task information entropy

and greater uncertainty of the task evaluation should increase the selection of the task of maximum

information entropy for military personnel scoring. However, when facing multiple classification problems

(such as the multiple scoring categories of tasks), a few categories of small probability would affect the

judgment and accuracy of entropy. Therefore, we use the guidelines BvSB of optimal and suboptimal

labeling [44], which consider the most likely two kinds of evaluation results, and ignore other kinds of

small probability results. The probabilities of the most and second most possible score of task i are

identified as p(yBest
i ) and p(ySecondi ), and the guidelines can be expressed as follows:

BvSB = argmin
l<i6u+l

(p(yBest
i )− p(ySecondi )). (5)

In the specific implementation of the algorithm, we convert the multi-classification problem into a

few two-classification problems: first, we calculate posterior probability of each score category of tasks

separately; then, we solve the different values between p(yBest
i ) and p(ySecondi ) of tasks; finally, we find

the k tasks with the fewest different values in all tasks, and the greatest uncertainty of predictive values

where the k value can be adjusted according to the specific tasks of the system; the default is 10.

4.4 Overall presentation of task set evaluation results

By the repeated interaction between the experts and the system, the evaluation of large-scale combat

tasks has been realized, and a task data set with evaluation information has been produced. To display

the overall information of large scale tasks directly to military personnel, the system provides a visual

display of statistical indicators and statistical graphics (as shown in Figure 6).

Based on these displays, military personnel can observe value boundaries, distribution features, central

tendency, deviation degrees, and correlation of the evaluation results of the task set, and can then evaluate

the overall mission completion of the WSOS. By means of this visual display, military personnel can do

further analysis on the evaluation as follows: (i) discover hidden high value operational rules, (ii) analyze

and evaluate the reasonableness of scoring, and (iii) comparatively analyze whether the results of active

learning are consistent with the scoring principle of estimators.
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Figure 6 Presentation interface of task set evaluation results.

5 Experiment

The mission evaluation system is mainly applied to the evaluation of large scale combat tasks in the

simulation tests of WSOS confrontations. To assess the effect and the role of the actual application in

the military, we organized military commanders, academy teachers, and graduated students to carry out

the experimental analysis, which considers both the visual interactive and the active learning models.

In the task analysis, we use a workstation with eight 3.60 GHz Intel i7-4790 CPUs, 16 GB memory,

and an Nvidia GTX 750 graphics card with 4022 MB video memory. We take two combat simulation

experiments of different missions. In the reconnaissance mission evaluation experiment, three scale task

data sets are used for the first interactive time of active learning: the 100 tasks data set (0.32 s), the 300

tasks data set (0.63 s), the 700 tasks data set (0.88 s). In the fire strike mission evaluation experiment,

two kinds of scale tasks data set are used for the first interactive time of active learning: the 100 tasks

data set (0.45 s), and the 400 tasks data set (0.75 s).

5.1 Experiment of visual interactive effect

In traditional combat simulation experiments, the military experts evaluate the completion of the task

based on analysis of the original battlefield situation information. When using the proposed mission

system, the expert can evaluate tasks with the aid of a three-pane visual interface. To accurately measure

the effect of visual interaction, we carried out an experimental evaluation of the traditional methods, a

partial view of the proposed method, and the complete three-pane method.

5.1.1 Experiment design

Data sources. Our experiment simulates the confrontation process of an air defense WSOS warning

of the red side against the blue aircraft of the blue side based on the simulation environment of the

WSOS. The red warning SOS comprises four fixed radar positions, three mobile radar positions, one

radar command node, and one information center, and carries out three kinds of early warning tasks

(DET, IFF and NCTR) for the intruding aircraft. Three types of intruding aircraft (A, B and C) fly

to the center of the air defense position in an arc formation from 50 different directions (as shown in

Figure 7), and their possible flight heights are 1000, 3000, 5000, 6000, and 8000 m. From these simulation

experiments, a total of 10800 early warning tasks were produced. We have sampled 20 valid tasks for the

experimental analysis.
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Figure 7 Early warning task experiment for large scale air targets. (a) Overall concept map; (b) military personnel

scoring interface.

Figure 8 Comparative analysis of different visualization methods. (a) Expert group acceptance of each group evaluation

result; (b) time consumption of each group evaluation result.

Test staff. We choose eight military graduate students divided into four groups: the 1st group

evaluates relying on the original battlefield information in the traditional way, the 2nd group evaluates

with the help of battlefield visualization based on task information, the 3rd group evaluates by using

both battlefield visualization and task attribute clustering visualization, and the 4th group uses the

complete three-pane visualization method. Each team must complete the evaluation of the 20 warning

tasks independently.

Evaluation criteria. We took the recognition and the time efficiency as two important indicators to

measure the visual interactive effect. For the measure of recognition, we organized a group of military

personnel with different identities, including military commanders, academy teachers, and air defense

professional doctors to constitute an air defense expert group.

5.1.2 Experiment analysis

Figure 8(a) shows the recognition of the air defense expert group on the task evaluation results of each

group. We find that the evaluation recognition of Group 1 is not high, and the evaluation effect falls

into a significant downward trend with the increase in the number of evaluation tasks. This is because

the increase in tasks disrupts the evaluation criteria of the estimator. In terms of expert recognition,

the performance of Group 2 is superior to that of Group 1. The graduate students explained that

the battlefield environment visualization based on task information is helpful; however, there is still an

inevitable decline of evaluation quality when the number of tasks significantly increases. Group 3 shows

a different trend, specifically that evaluation quality does not decline with an increase in the number of

tasks. However, the expert group does not recognize the scoring results of individual tasks, mainly due

to the overall impact difference on the individual tasks possessing same attributes. In the case of using

the complete three-pane interface, the work of Group 4 was highly regarded, and the overall performance

was very stable.

Figure 8(b) shows the time that the four groups of graduate students spent on the evaluation of the 20
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operational tasks. The time consumption of Group 1 shows that the increase will cause evaluation time

to grow exponentially. The more tasks there are, the more difficult it becomes to determine evaluation

standards, thus increasing evaluation time. This is another indicator of the significant impact of the

number of tasks on traditional evaluation methods. This can be slightly improved, but there is no

significant change on the impact of the number of tasks on efficiency. With the aid of similarity space

visualization based on task attribute clustering, grasping evaluation standards becomes easier, and the

graduate students in Group 3 could make comprehensive judgments for large scale tasks. Although it

may take a little more time for evaluating fewer tasks, there was a clear advantage when evaluating

many tasks. Group 4 could judge the impact of a task on the overall operation based on the OODA

interactive network, thus the time spent on a single task would increase. However, with the aid of

clustering visualization, the time efficiency of Group 4 is still better than those of Group 1 or Group

2 when faced with large numbers of tasks. The above experiment shows the quality and efficiency of

evaluation was significantly improved when visualized on a three-pane interface, especially in terms of

clustering visualization to efficiency and OODA visualization to recognition.

5.2 Experiment of active learning effect

In our previous work, we did not find a case of applied active learning in a combat simulation. However,

due to the particularity of military data, there is no open data set to test. To overcome these difficulties,

we use the indicator of accuracy to evaluate small scale tasks and the indicator of recognition to evaluate

large scale tasks. In addition, the proposed system can aid the expert group in evaluating recognition by

using its statistical graphics display. Finally, whether the combat task is likely to be achieved is a very

important standard in the military field, so we set the standard of task completion at 6 points.

5.2.1 Experiment design

Data source. Based on the simulation results generated by the above experiments, we extracted 100,

300, and 700 effective tasks. To ensure that the data were representative, we used a balanced strategy to

evenly distribute all types of attribute values in each task. The expert group evaluated the data set of

100 tasks as the benchmark ahead of time.

Test staff. To improve the credibility of our test, the air defense expert group evaluated tasks directly,

and was responsible for the recognition evaluation of the results of active learning. The experts selected

evaluation tasks one of three ways: (i) experts randomly selected evaluation tasks (RS); (ii) experts

select the representative tasks with the help of the three-pane interface (TVAS); (iii) experts selected the

representative tasks with the help of the three-pane interface and the active learning model (TVAQ).

Evaluation criteria. When evaluating the 100 benchmark tasks, we used predictive accuracy (PA)

and prediction classification accuracy (PCA) as indicators. When faced with 300 and 700 tasks of non

C benchmark results, we used predictive recognition (PR) predictive classification recognition (PCR) as

indicators. The indicator values of PA and PCA can be directly obtained by comparison to the machine

predictive results and the benchmark results. The recognition indicator values of PR and PCR are the

overall qualitative judgments which were made by the expert group based on the statistical features of

the task evaluation results of machine learning.

5.2.2 Experiment analysis

(1) The experiment analysis of 100 tasks. We selected the 100 tasks with benchmark results as the test

data set. Figure 9(a) shows the comparison of the prediction accuracy in three ways when evaluating

100 tasks; random selection produced the worst performance, while the accuracy rate did not necessarily

rise with the increase of the task selection number. We can see that the accuracy improvement of task

evaluation is significant when the visual aid is employed, and that active learning is the best of the three

methods, however the overall learning effect is less prominent when evaluating 100 tasks.

Figure 9(b) shows the trend of predictive classification accuracy using the above three methods. Af-

ter comparison with prediction accuracy, we found that the classification accuracy of random selection
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Figure 9 Evaluation experiment of 100 tasks data set. (a) Score accuracy of evaluation based on three machine learning

methods; (b) success or failure accuracy of evaluation based on three machine learning methods.

Figure 10 Overall feature analysis. (a) The spatial scatter plot of the 100 tasks evaluation results; (b) the spatial scatter

plot of the 300 tasks evaluation results; (c) the spatial scatter plot of the 700 tasks evaluation results; (d) the histogram

and density line of the 100 tasks evaluation results; (e) the histogram and density line of the 300 tasks evaluation results;

(f) the histogram and density line of the 700 tasks evaluation results.

was relatively static. In addition, the predictive classification accuracy of the visual assistant selection

decreased significantly, as the number of tasks in the critical state of classification was not clear; this

resulted in a decline in overall predictive classification accuracy. With the active learning method, these

tasks in the critical state of classification are again queried by experts, meaning the predictive classifica-

tion accuracy was better than the predictive accuracy; this shows our objective function played a decisive

role.

(2) The recognition analysis of 300 and 700 tasks. The data sets of 300 and 700 tasks have no

benchmark evaluation results, so we first analyzed the recognition of the evaluation results of the two

task data sets. Our evaluation method was simple and practical; according to the evaluation rules and

principles of the 100 tasks data set, we compared the feature of the evaluation results from multiple

angles, and the overall recognition of the 300 and 700 task evaluation results was made by the expert

group. The emphasis here is that we used a balanced sampling strategy when we extracted all three

data sets to ensure the credibility of the proposed method. Next, we demonstrated the evaluation results

based on the machine learning mode of a three-pane active query. We first analyzed the overall features

of the scoring results of the three task data sets, and then compared the features of each attribute.

Overall feature analysis. we use the three modes of the spatial location scatter plot, density map,

and 12 statistical indicators to make a comparative analysis of the overall features of the scoring results.

In the spatial scatter plots shown in Figure 10(a)–(c), each point represents a task, and deeper colors

represent higher scores, and vice versa. We found that the evaluation results of the three data sets all
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Table 1 12 statistical indicators of evaluation results of three data sets

N Mean Var Std dev Median Std err CV CSS USS R R1 Kurtosis Skewness

97 4.1 6.5 2.5 4 0.26 61.9 622 2263 10 4 −0.79 0.04

293 4.3 6.6 2.6 4 0.15 60.1 1919 7252 10 4 −0.80 0.17

681 4.3 6.8 2.6 4 0.10 61.0 4630 17073 10 4 −0.83 0.10

showed the same features; the upper left area with low scores, and the lower right with higher scores.

This is consistent with the actual situation of our experiment, and the color distribution of the scatter

plots of the three data sets is also essentially consistent.

In the histograms and density lines shown in Figure 10(d)–(f), the 11 columns from left to right

represent the frequency of the 0–10 score and the curve represents the density values of the corresponding

data set. The three data sets show the common feature of high frequency of the middle scores; the

difference being that, when compared to the 300 and 700 task data sets, the 0 score of the 100 task set is

of higher frequency. Through our analysis, because the distribution of the 100 task set is very sparse, the

impact between points becomes weak when propagating in Gauss space, causing many zero value points;

while the zero point is not easy to see in the 300 and 700 tasks due to their intensive distribution, which

is consistent with the feature of our algorithm.

To produce a more accurate comparison of the overall distribution, we calculated the 12 statistical in-

dicators of the evaluation results of the three task data sets: mean value (Mean), variance (Var), standard

deviation (Std dev), median (Median), standard error (Std err), coefficient of variation (CV), corrected

sum of squares (CSS), UN corrected sum of squares (USS), range (R), semi standard range (R1), coefficient

of Kurtosis (Kurtosis), and coefficient of Skewness (Skewness). According to the measurement results, we

analyzed the four dominant indicators, namely mean value (Mean), standard deviation (Std dev), coeffi-

cient of Kurtosis (Kurtosis), and coefficient of Skewness (Skewness). There was no significant difference

in terms of Mean and Std dev of the three data sets, which shows that the distribution of each score

set was the same. The Kurtosis of the three data sets were in the range [−1,1], so we can use Skewness

to measure the distribution difference of evaluation results for the three task sets. The Skewness values

of the three data sets are 0.04, 0.17, and 0.10, as shown in Table 1, and we found the features of the

700 tasks evaluation set was closer to the feature of the 100 tasks evaluation set, which was the benchmark

result. This shows our algorithm is more accurate with an increasing number of tasks.

Analysis of feature of each task attribute. We compared the evaluation results of the three task

sets with different task attribute angles, including the target height attribute (as shown in Figure 11),

the target type attribute (as shown in Figure 12), and the task type attribute (as shown in Figure 13).

The experimental results showed that the three data sets can essentially reflect the consistent evaluation

features of all attribute types. For example, for the target height attribute the overall evaluation result

of the 1000 m altitude target was lowest, the overall evaluation result of the 8000 m altitude target was

highest, and the overall evaluation results of other high levels were in the middle. For the target type

attribute, the overall evaluation result of the type A target was highest. For the task type attribute, the

overall evaluation result of DET was the highest, that of IFF was in the middle, and that of NCTR was

lowest. These experimental results show that our active learning algorithm can learn well from the rules

of expert evaluation.

(3) Comprehensive experimental evaluation to three task data sets. Based on the previous analysis

method of the recognition, we conducted a comprehensive evaluation of the learning results of three

selection modes, as shown in Figures 14 and 15. First, we took the 300-task data set as an example

to observe the change of score predictive recognition and success or failure predictive recognition, with

the proportional increase of manual scoring in the same data set. In random selection mode (RS), the

score predictive recognition and success or failure predictive recognition were not obviously promoted

with the proportional increase of manual scoring. In the three-view assisted selection mode (TVAS), the

recognition of score prediction was significantly improved compared those of success or failure prediction.

In the three-view active query mode (TVAQ), the system combined the three-pane interface and active

learning method to aid expert scoring, and the recognitions of score and success or failure prediction were
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Figure 11 Analysis of different target heights. (a) The spatial scatter plots of the evaluation results of the three data

sets; (b) the box line diagram and bar chart of the evaluation results of the three data sets.

Figure 12 Analysis of different target types. (a) The spatial scatter plots of the evaluation results of the three data sets;

(b) the box line diagram and bar chart of the evaluation results of the three data sets.

Figure 13 Analysis of the task types. (a) The spatial scatter plots of the evaluation results of the three data sets; (b)

the box line diagram and bar chart of the evaluation results of the three data sets.

significantly improved.

Second, we took the 20% manual scoring ratio as an example to observe the performance of the three

modes in different task data sets, as shown in Table 2. In random selection mode, the recognition of

score prediction of the 100 tasks data set was relatively low, while that of the 300 and 700 tasks sets

were almost identical. For each data set, the recognition of success or failure prediction was lower than

that of score prediction. In three-view assisted selection mode, the overall performance was better than

in the random selection mode, however the overall change trend was same in both modes. In three-view

active query mode, the score prediction increases with the number of tasks, and the success or failure

prediction recognition was better than the score prediction in the same data set.
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Figure 14 Comparative recognition of different machine learning methods to the 300 tasks data set. (a) The score

recognition of evaluation based on three machine learning methods; (b) the success or failure recognition of evaluation

based on three machine learning methods.

Figure 15 Comparative recognition of different machine learning methods to the 700 tasks data set. (a) The score

recognition of evaluation based on three machine learning methods; (b) the success or failure recognition of evaluation

based on three machine learning methods.

Table 2 The comprehensive experimental evaluation results of 20% manual scoring

100 tasks 300 tasks 700 tasks

Score

recognition

Success or

failure

recognition

Score

recognition

Success or

failure

recognition

Score

recognition

Success or

failure

recognition

Random

selection (RS) 60 59 65 60 65 61

three-view (%)

Assisted

selection (TVAS)
70 64 74 70 75 71

three-view (%)

Active

query (TVAQ) (%)
76 78 86 89 90 92

Based on the above comprehensive experimental analysis, we can conclude that the performance of our

proposed system’s three-view active query mode and success or failure prediction recognition is superior

to that of the other examined modes. Therefore, our proposed system is very suitable for the evaluation

of large scale tasks.

5.3 The mission evaluation experiment of fire strike

In addition to reconnaissance missions, fire strike is also a common form of military operation. Relying on

the mission evaluation system, we evaluated the large-scale combat tasks of the long-range strike WSOS

based on a spatial information system, as shown in Figure 16(a). The red strike WSOS includes space

satellites, ground stations, control centers and missile forces; the blue side includes some moving targets

with anti-missile capability in a certain area. The main attributes of a task include task type, target type,

target location, satellite navigation, and anti-missile interference. In our experiments, we sampled groups
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Figure 16 Large-scale and long-range striking tasks experiment. (a) The overall concept map; (b) 100 striking tasks

samples; (c) 400 striking tasks samples.

Figure 17 Comparative recognition of different machine learning methods for long-range striking tasks. (a) The score

recognition of 100 evaluation tasks based on three machine learning methods; (b) success or failure recognition of 400

evaluation tasks based on three machine learning methods.

Figure 18 Evaluation results charts of the long-range striking mission based on three-view active query mode.

(a) Evaluation results chart of 100 tasks; (b) evaluation results chart of 400 tasks.

of 100 and 400 target points, as shown in Figure 16(b) and (c). Using the above experimental method,

we also compared evaluation results based on three machine learning modes to the long-range striking

mission, as shown in Figure 17(a) and (b). The experimental results showed that the three-view active

query mode of our system also produced the best machine learning effects, and performance improved as

the number of tasks increased. Figure 18 shows the evaluation results charts obtained by the three-view

active query mode, such as the striking effect on the left side being superior to that on the right, which

reveals that the closer the striking distance, the better the missile accuracy.

6 Conclusion

We developed a visual interactive system for mission evaluation of WSOSs to aid military personnel in

evaluating large C scale combat tasks. Different from the traditional evaluation methods, the proposed

system provides aided visualization of quantitative and qualitative information of tasks based on a three-
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view interactive interface, a machine learning model for large scale iterative learning based on active

inquiry, and visualized presentation for the overall evaluation of missions based on statistical graphics.

We demonstrated the function and performance of this mission evaluation system through a large C scale

evaluation experiment of two important types of combat missions, proving that the system can not only

help military personnel to evaluate large scale tasks efficiently and accurately, but also explain expert

evaluation rules and military information intuitively. At present, combat experience is a small data

sample; however, operational activities are highly complex. With the help of the improving mission

evaluation system, more experience of military commanders and experts can be learned by the machine

to assess numerous military tasks and actions. This new evaluation pattern will have a profound impact

on future military operation assessment.

Note. Due to confidentiality and space constraints, part of the experimental results and data cannot

be displayed in this paper, and some figures were removed from the background pictures, along with some

descriptions. Thank you for your understanding.
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