Supplementary Materials
Modeling visual perception of Chinese classical private gardens with image parsing and interpretable machine learning

Supplementary A. Deep Learning-Based Semantic Segmentation Using SegNet 
This study adopted an image semantic segmentation approach based on the SegNet architecture. SegNet is a lightweight deep convolutional neural network characterized by high computational efficiency and a relatively small number of parameters, with strong boundary-preserving capability and low training cost, making it particularly suitable for pixel-level segmentation tasks under small-sample conditions[1]. Compared with more complex segmentation models, SegNet’s concise encoder–decoder structure facilitates stable training and effective spatial detail reconstruction under limited data conditions. Given that existing semantic segmentation datasets do not adequately cover the typical landscape elements of Chinese classical private gardens (such as rockeries and classical garden architecture), we constructed a dedicated semantic segmentation dataset (Supplementary Figure 1).
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	Supplementary Figure 1. Workflow of image semantic segmentation based on SegNet.


The dataset comprised 301 real-scene images collected from five representative classical gardens in Suzhou (the Humble Administrator’s Garden, the Lingering Garden, the Garden of Cultivation, the Canglang Pavilion, and the Net Master’s Garden). Each image was annotated at the pixel level using the Labelme tool, with eight semantic categories defined: trees, shrubs, herbaceous plants, classical garden architecture, rockeries, roads, water bodies, and background. All annotations were saved in JSON format to form a fine-grained semantic segmentation dataset.
Model training was conducted using a five-fold cross-validation strategy. In each round, the training set images were augmented with techniques such as horizontal flipping, brightness disturbance, and contrast adjustment to improve generalization performance. Augmented images were strictly excluded from the validation set to ensure fair and reproducible evaluation. On the validation set, the SegNet model achieved 81.72% pixel accuracy (PA), 85.96% mean precision, and 72.68% mean Intersection over Union (mIoU), demonstrating good segmentation performance in historic garden scenes[2,3].
We further compared the segmentation performance of the SegNet model trained on the self-constructed garden dataset with two general-purpose semantic segmentation models, SegFormer-B5 pretrained on the ADE20K and Cityscapes datasets, using the same garden scene image set. The results indicate that although the general models performed reasonably well in identifying common elements (e.g., ground surfaces and vegetation), they showed clear limitations in recognizing landscape elements with distinctive garden characteristics, such as rockeries and traditional garden architecture. These limitations were reflected in element confusion, blurred boundaries, and category omissions. In contrast, the SegNet model trained on the garden-specific dataset achieved substantially higher segmentation accuracy for these elements (Supplementary Figure 2), demonstrating its superior adaptability to traditional garden semantic scenes and confirming the necessity of constructing a domain-specific training dataset.
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	Supplementary Figure 2. Comparison of semantic segmentation results across different models on Chinese classical private garden scenes.


Based on the training results, we applied the model to perform semantic segmentation on 300 real-scene images from the Garden of Cultivation, the Canglang Pavilion, and the Net Master’s Garden, extracting the pixel proportions of various landscape elements for subsequent quantitative analysis.
Supplementary B. Subjective Perception Questionnaire
B1. Introduction and Informed Consent
Thank you for participating in this study. This questionnaire is part of an academic research project investigating visual perception in Chinese classical private gardens. The survey is image-based and consists of multiple evaluation tasks, requiring approximately 10 minutes to complete. Participation in this study is entirely voluntary, and you may withdraw at any time without any consequences. All responses are collected anonymously and will be used solely for academic research purposes.
Q1. Informed consent
I have read and understood the above information and voluntarily agree to participate in this study.
○Agree   ○Disagree
B2. Demographic Information
Q2. Professional background
○Landscape architecture–related (e.g., student, researcher, practitioner in landscape architecture, planning, or related fields)
○Non-related background
Q3. Age group
○Under 18   ○18-25   ○26-35   ○36-45   ○46-55   ○56-65   ○Over 65
B3. Perceptual Evaluation Task
Participants were asked to evaluate garden scene images based on four perceptual dimensions. The definitions of these dimensions were provided before the evaluation to ensure a consistent understanding (Table B.1).


Supplementary Table 1
Definitions of perceptual dimensions.
	Dimensions
	Definition

	Coherence
	The degree of integration of the scene. Does the perceiver easily grasp the organization of the scene?

	Complexity
	Diversity and richness of scene elements. Does the perceiver have a sense of complexity?

	Legibility
	The scene has easily recognizable features. Does the perceiver quickly detect locations to maintain a sense of orientation as they move deeper into the scene?

	[bookmark: _Hlk217245503]Mystery
	The scene is claustrophobic and meandering. Is the perceiver willing to explore the scene in depth for more information?


B4. Rating Scale
Each image was evaluated using a 5-point Likert scale for each perceptual dimension:
Coherence: 1= Disordered—— 5 = Ordered
Complexity:1= Simple—— 5 = Complex
Legibility:1= Lost—— 5 = Recognizable
Mystery:1= Less intriguing—— 5 = Exploratory
Participants rated each dimension independently for every image.
B5. Image Presentation and Grouping
A total of 300 garden scene images were used in the survey. To reduce participant burden and improve data quality, the images were evenly divided into six questionnaire groups according to their original shooting sequence. Each participant was randomly assigned to one group and evaluated 50 images. Images were presented sequentially, and participants completed the ratings independently for each image.


Supplementary C. Within-group consistency validation
The reliability of the questionnaire was assessed using the ICC method, which was calculated using the between-group and within-group mean squares obtained from an analysis of variance[4]. The ICC is more suitable for scenarios with multiple raters than Cronbach's alpha coefficient[5], and has been widely used to measure interrater reliability, test-retest reliability, and intrarater reliability[4]. According to the selection logic of the ICC model, the questionnaire design in this study satisfies the following analytical conditions: (1) the experiment used the same set of raters for all subject samples; (2) the selected raters are the only ones of interest; (3) the experiment used the average of all raters as the basis for implementation of the actual application; and (4) the experiment judged the absolute inter-rater agreement. Based on the above premises, we used Two-Way Mixed-Effects Model for reliability assessment of the questionnaire data and SPSS for statistical calculation. The model is expressed:

where  = mean square for rows;  = mean square for error;  = mean square for columns;  = number of subjects.
Supplementary Table 2 shows the ICCs for the six questionnaires (Q1-Q6). The results show that the ICC values of all six groups exceeded 0.90, indicating excellent internal consistency. In summary, all six groups of questionnaire data showed high reliability and consistency and met the quality requirements of subjective perception data.
Supplementary Table 2
ICCs for the questionnaires (Q1-Q6).
	
	Intraclass Correlation
	95% Confidence Interval
	F Test with True Value 0

	
	
	Lower Bound
	Upper Bound
	Value
	df1
	df2
	Sig

	mean measures of Q1
	0.912c
	0.893
	0.928
	12.150
	199
	8955
	＜0.001

	mean measures of Q2
	0.917c
	0.899
	0.932
	13.421
	199
	8557
	＜0.001

	mean measures of Q3
	0.919c
	0.902
	0.934
	13.582
	199
	8358
	＜0.001

	mean measures of Q4
	0.926c
	0.911
	0.941
	15.499
	199
	8557
	＜0.001

	mean measures of Q5
	0.920c
	0.904
	0.936
	13.472
	199
	8895
	＜0.001

	mean measures of Q6
	0.920c
	0.904
	0.935
	13.690
	199
	8557
	＜0.001



Supplementary D. Inter-group consistency validation
For each perceptual dimension, we fitted the following linear mixed-effects model:

where  is the rating of anchor image  given by participant  from questionnaire group .  is the intercept, and  represents the fixed effect of questionnaire group.  and  are random intercepts for image ID and participant ID, respectively; and  is the residual error.

Supplementary Table 3
Summary of between-questionnaire scale equivalence tests based on LMM.
	dimension
	Fixed effect (questionnaire group)
	Numerator df
	Denominator df
	F value
	p value
	Conclusion

	Coherence
	Original questionnaire group
	5
	24.544
	0.364
	0.868
	No significant between-group difference

	Complexity
	Original questionnaire group
	5
	24.426
	0.197
	0.961
	No significant between-group difference

	Legibility
	Original questionnaire group
	5
	24.722
	0.264
	0.928
	No significant between-group difference

	Mystery
	Original questionnaire group
	5
	24.611
	0.387
	0.853
	No significant between-group difference

	Note: F and p values were obtained from the Type III tests of fixed effects in the linear mixed-effects models. Each model included questionnaire group as a fixed effect, with random intercepts for image ID and participant ID.


Supplementary E. Comparison of Machine Learning Models
To assess the robustness of the modeling results with respect to algorithm selection, we systematically compared the predictive performance of five mainstream machine learning regression models, including CatBoost, HGBoost, XGBoost, LightGBM, and Random Forest (RF). To ensure a fair comparison, all models were trained and evaluated using the same data partition, with 75% of the samples used for training and 25% for testing.
Within the training set, Bayesian optimization combined with five-fold cross-validation was employed to determine the optimal hyperparameters for each model. During the cross-validation process, the mean and standard deviation of four performance metrics, MAE, MSE, RMSE, and R2, were calculated to evaluate both predictive accuracy and model stability. The smaller the MSE, MAE, and RMSE, the lower the prediction error of the model. The closer the value of R² is to 1, the better the model explains the variation of the dependent variable. The indicators are calculated as follows:




where  represents the actual (ground truth) values,  represents the predicted values from the regression model, and n denotes the number of samples or data points in the dataset.
Given that tree-based models are structurally robust to multicollinearity, as their splitting mechanisms rely on information gain rather than parameter estimation[6], all models were trained using the full set of visual features to preserve potential nonlinear and interactive effects among variables.
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Supplementary Table 4
Performances of different models (N = 300).
	Model
	Dimension
	CV
_Folds
	CV_MAE
_mean
	CV_MAE
_std
	CV_MSE
_mean
	CV_MSE
_std
	CV_RMSE
_mean
	CV_RMSE
_std
	CV_R2
_mean
	CV_R2
_std
	Test
_MAE
	Test
_RMSE
	Test
_MSE
	Test
_R2

	LGBM
	Coherence
	5
	0.3154
	0.0276
	0.1596
	0.0234
	0.3984
	0.0291
	0.4986
	0.0681
	0.3465
	0.4166
	0.1736
	0.5249

	
	Complexity
	5
	0.3214
	0.0210
	0.1581
	0.0239
	0.3966
	0.0296
	0.4713
	0.0593
	0.2540
	0.3207
	0.1028
	0.6227

	
	Legibility
	5
	0.2417
	0.0211
	0.0915
	0.0149
	0.3016
	0.0242
	0.5784
	0.0530
	0.2618
	0.3111
	0.0968
	0.5570

	
	Mystery
	5
	0.3564
	0.0255
	0.1893
	0.0267
	0.4341
	0.0297
	0.3376
	0.0275
	0.2921
	0.3377
	0.1141
	0.6259

	RF
	Coherence
	5
	0.3214
	0.0312
	0.1703
	0.0333
	0.4107
	0.0411
	0.4668
	0.0942
	0.3543
	0.4219
	0.1780
	0.5128

	
	Complexity
	5
	0.3332
	0.0186
	0.1650
	0.0223
	0.4053
	0.0269
	0.4437
	0.0893
	0.2580
	0.3291
	0.1083
	0.6025

	
	Legibility
	5
	0.2538
	0.0271
	0.1046
	0.0181
	0.3223
	0.0265
	0.5188
	0.0587
	0.2614
	0.3087
	0.0953
	0.5640

	
	Mystery
	5
	0.3480
	0.0273
	0.1840
	0.0277
	0.4278
	0.0315
	0.3564
	0.0398
	0.3126
	0.3640
	0.1325
	0.5655

	HGBoost
	Coherence
	5
	0.3278
	0.0290
	0.1676
	0.0253
	0.4082
	0.0311
	0.4721
	0.0821
	0.3507
	0.4222
	0.1783
	0.5121

	
	Complexity
	5
	0.3255
	0.0188
	0.1633
	0.0220
	0.4032
	0.0269
	0.4510
	0.0771
	0.2421
	0.3051
	0.0931
	0.6585

	
	Legibility
	5
	0.2423
	0.0194
	0.0908
	0.0159
	0.3003
	0.0257
	0.5830
	0.0471
	0.2569
	0.3067
	0.0941
	0.5696

	
	Mystery
	5
	0.3624
	0.0221
	0.1982
	0.0208
	0.4446
	0.0229
	0.3040
	0.0244
	0.3045
	0.3617
	0.1309
	0.5708

	XGBoost
	Coherence
	5
	0.3207
	0.0250
	0.1613
	0.0272
	0.4002
	0.0336
	0.4885
	0.1049
	0.3354
	0.3988
	0.1591
	0.5646

	
	Complexity
	5
	0.3234
	0.0170
	0.1606
	0.0177
	0.4002
	0.0217
	0.4578
	0.0761
	0.2586
	0.3301
	0.1090
	0.6001

	
	Legibility
	5
	0.2350
	0.0243
	0.0893
	0.0157
	0.2977
	0.0265
	0.5893
	0.0569
	0.2453
	0.2940
	0.0864
	0.6046

	
	Mystery
	5
	0.3484
	0.0226
	0.1800
	0.0244
	0.4233
	0.0282
	0.3694
	0.0357
	0.3133
	0.3638
	0.1323
	0.5659

	CatBoost
	Coherence
	5
	0.3091
	0.0312
	0.1515
	0.0309
	0.3874
	0.0379
	0.5241
	0.0894
	0.3618
	0.4296
	0.1845
	0.4949

	
	Complexity
	5
	0.3097
	0.0332
	0.1513
	0.0297
	0.3870
	0.0393
	0.4970
	0.0719
	0.2544
	0.3278
	0.1075
	0.6057

	
	Legibility
	5
	0.2298
	0.0241
	0.0865
	0.0180
	0.2926
	0.0293
	0.6054
	0.0437
	0.2536
	0.2999
	0.0899
	0.5884

	
	Mystery
	5
	0.3345
	0.0386
	0.1746
	0.0366
	0.4158
	0.0410
	0.3930
	0.0549
	0.2929
	0.3490
	0.1218
	0.6005





As shown in Supplementary Table 4, the five models exhibited comparable predictive performance, indicating that the main findings of this study are robust to the choice of modeling approach. Under this generally similar performance, HGBoost showed slight advantages on several key metrics. For example, in the Complexity dimension, HGBoost achieved a test-set R2 of 0.6585 and an RMSE of 0.3051, outperforming the other models. In the Legibility dimension, HGBoost attained a test-set R2 of 0.5696 and a cross-validation R2 of 0.5830, which were also among the highest values observed. Considering the combined performance across dimensions in terms of error metrics and coefficients of determination, HGBoost consistently ranked within the top one or two models. Accordingly, HGBoost was selected as the primary modeling tool for subsequent interpretability analyses.
Supplementary F. Interpreting Machine Learning Models Using SHAP and PDP
We used two mainstream interpretable analysis methods based on the HGBoost model (SHAP and PDP) to examine the influence of multidimensional visual features on perceptual prediction. This combination enabled the identification of key variables and the assessment of the nonlinear influence of the visual features on the perceptual dimensions[7,8].
The SHAP method is based on a game-theoretic approach to explain the results of machine learning models. The Shapley value is used to quantify the marginal contributions of input features to the model prediction results and clarify the direction of its influence (positive or negative)[9]. We used the SHAP value to rank the objective visual feature variables in terms of their importance to identify the visual factors with significant effects on the four perceptual dimensions (coherence, complexity, legibility, and mystery). The SHAP value is calculated as follows:
where  is the SHAP value for feature ,  is the set of all features,  is a subset of features excluding feature ,  is the number of features in subset ,  is the total number of features,  is the model prediction using the features in subset  and feature , and  is the model prediction using only the features in subset .
PDP is a global interpretation method to visualize how the factors in a machine learning model affect predictions[10]. It shows the marginal and overall effects of a single or two conditional factors on the prediction results of a machine learning model. In contrast to the SHAP value, the PDP places more emphasis on the trend between the variables and the model outputs. It can be used to visualize the nonlinear effects of features on the dependent variable using curves and is suitable for observing the trend. The PDP is calculated as follows:

where  indicates a feature variable;  refers to a feature variable that is not included ;  denotes the -th observation value of ,  represents the total number of observations.



Supplementary G. Quantitative Results for Subjective and Objective Indicators
Supplementary Table 5
Quantitative results for subjective and objective indicators.
	　
	three gardens
	　
	the Garden of Cultivation
	　
	the Canglang Pavilion
	　
	the Net Master’s Garden

	　
	Min
	Max
	Mean
	SD
	　
	Min
	Max
	Mean
	SD
	　
	Min
	Max
	Mean
	SD
	　
	Min
	Max
	Mean
	SD

	Coherence
	1.78
	4.55
	3.48
	0.58
	
	1.89
	4.53
	3.33
	0.58
	
	1.78
	4.48
	3.53
	0.59
	
	2.57
	4.55
	3.71
	0.49

	Complexity
	1.36
	4.07
	2.94
	0.55
	
	1.57
	4.07
	2.91
	0.56
	
	1.52
	4.07
	2.87
	0.45
	
	1.36
	4.05
	3.09
	0.63

	Legibility
	1.80
	4.26
	3.33
	0.48
	
	2.02
	4.26
	3.25
	0.46
	
	1.80
	4.16
	3.37
	0.52
	
	2.25
	4.14
	3.47
	0.39

	Mystery
	1.66
	4.32
	3.15
	0.54
	
	1.72
	4.32
	3.10
	0.59
	
	1.73
	4.12
	3.12
	0.48
	
	1.66
	4.15
	3.29
	0.52

	RO
	0.00
	31.81
	4.85
	5.93
	
	0.00
	24.41
	3.87
	4.23
	
	0.00
	31.81
	7.19
	8.08
	
	0.00
	11.98
	3.23
	3.43

	GVI
	0.00
	90.20
	36.13
	22.20
	
	0.00
	86.27
	37.37
	18.08
	
	0.00
	90.20
	47.44
	23.21
	
	0.00
	49.05
	17.38
	14.12

	LPVI
	0.00
	63.82
	13.65
	13.56
	
	0.00
	47.21
	12.87
	10.63
	
	0.00
	63.82
	22.08
	15.52
	
	0.00
	14.00
	2.82
	3.53

	AVI
	0.00
	100.00
	26.60
	25.32
	
	0.00
	93.37
	22.70
	21.27
	
	0.00
	96.25
	24.47
	25.77
	
	0.00
	100.00
	36.88
	28.87

	BVI
	0.00
	43.15
	5.10
	10.11
	
	0.00
	43.15
	5.54
	10.80
	
	0.00
	18.88
	1.26
	3.82
	
	0.00
	41.49
	9.87
	12.71

	RVI
	0.00
	94.52
	17.60
	19.53
	
	0.00
	80.01
	22.80
	19.25
	
	0.00
	68.01
	9.53
	11.34
	
	0.00
	94.52
	19.79
	25.13

	ESE
	0.00
	2.40
	1.66
	0.49
	
	0.35
	2.40
	1.76
	0.39
	
	0.16
	2.36
	1.70
	0.49
	
	0.00
	2.14
	1.44
	0.59

	AD
	24.66
	158.20
	79.04
	22.05
	
	30.62
	158.20
	84.14
	24.82
	
	24.66
	128.83
	75.32
	18.66
	
	29.27
	115.86
	75.07
	19.41

	DSD
	22.74
	72.10
	48.39
	8.47
	
	31.40
	64.52
	48.86
	7.94
	
	22.74
	72.10
	49.23
	8.77
	
	24.72
	64.44
	46.28
	8.75

	FGR
	6.69
	83.67
	33.33
	12.44
	
	6.69
	83.67
	31.24
	13.59
	
	13.19
	51.57
	34.78
	9.08
	
	11.11
	70.06
	35.04
	13.97

	MGR
	9.86
	51.42
	30.50
	7.64
	
	9.86
	47.43
	30.59
	7.86
	
	12.13
	51.42
	30.61
	6.96
	
	15.10
	47.54
	30.17
	8.25

	BGR
	3.26
	48.00
	23.92
	7.89
	
	3.26
	48.00
	24.81
	8.17
	
	4.69
	36.72
	22.47
	6.04
	
	6.56
	43.68
	24.40
	9.42

	FBGR
	0.99
	42.67
	12.25
	6.65
	
	2.11
	42.67
	13.36
	7.30
	
	0.99
	29.59
	12.13
	5.78
	
	1.48
	28.56
	10.39
	6.24

	BTI
	29.30
	142.03
	89.66
	20.67
	
	53.30
	142.03
	95.88
	19.79
	
	42.48
	110.17
	78.24
	14.61
	
	29.30
	141.61
	94.84
	22.93

	CTI
	36.43
	90.93
	67.31
	11.12
	
	39.29
	89.54
	66.37
	11.35
	
	41.42
	88.35
	64.77
	8.41
	
	36.43
	90.93
	72.74
	12.39

	STI
	8.68
	137.71
	63.31
	20.30
	
	17.02
	127.25
	57.78
	17.81
	
	33.22
	137.71
	71.56
	22.71
	
	8.68
	97.36
	61.48
	16.93

	NOC
	9883.00
	236219.00
	132628.32
	46259.87
	
	24606.00
	228342.00
	127890.77
	42573.22
	
	33297.00
	230473.00
	144857.75
	47005.77
	
	9883.00
	236219.00
	123538.91
	48588.49

	WCR
	0.17
	31.22
	1.63
	2.13
	
	0.24
	3.64
	1.43
	0.79
	
	0.17
	11.90
	1.59
	1.69
	
	0.41
	31.22
	2.05
	3.75

	PC1-H
	0.00
	165.00
	57.16
	26.50
	
	0.00
	150.00
	56.61
	26.16
	
	8.00
	165.00
	58.41
	21.97
	
	0.00
	129.00
	56.33
	32.76

	PC1-S
	0.00
	180.00
	62.01
	35.61
	
	2.00
	180.00
	60.84
	35.91
	
	14.00
	176.00
	70.68
	35.36
	
	0.00
	128.00
	51.54
	32.65

	PC1-B
	5.00
	254.00
	51.09
	60.87
	
	11.00
	254.00
	60.55
	64.44
	
	7.00
	96.00
	31.17
	19.26
	
	5.00
	253.00
	62.67
	83.50

	PC1-P
	13.89
	58.73
	25.01
	6.53
	
	13.89
	50.15
	23.23
	5.94
	
	16.92
	46.46
	26.22
	6.06
	
	16.57
	58.73
	26.53
	7.48

	PC2-H
	0.00
	165.00
	55.64
	26.62
	
	9.00
	110.00
	53.91
	24.03
	
	0.00
	106.00
	55.93
	19.73
	
	6.00
	165.00
	58.39
	37.78

	PC2-S
	2.00
	198.00
	56.27
	32.55
	
	7.00
	158.00
	51.60
	30.08
	
	2.00
	198.00
	67.16
	34.75
	
	2.00
	145.00
	49.00
	29.84

	PC2-B
	8.00
	254.00
	63.10
	58.20
	
	12.00
	254.00
	74.32
	64.44
	
	8.00
	150.00
	43.63
	23.83
	
	13.00
	254.00
	70.80
	73.04

	PC2-P
	11.77
	29.05
	19.61
	3.35
	
	13.53
	28.13
	18.69
	3.02
	
	13.03
	29.05
	21.19
	3.58
	
	11.77
	28.44
	19.00
	2.71

	EC1-H
	0.00
	124.00
	51.07
	31.87
	
	0.00
	124.00
	55.81
	33.30
	
	13.00
	110.00
	45.68
	28.59
	
	0.00
	108.00
	50.17
	32.79

	EC1-S
	0.00
	199.00
	29.75
	35.82
	
	0.00
	199.00
	29.07
	38.62
	
	1.00
	129.00
	30.20
	32.39
	
	0.00
	182.00
	30.37
	35.70

	EC1-B
	21.00
	253.00
	188.18
	46.89
	
	28.00
	253.00
	183.82
	48.21
	
	83.00
	251.00
	195.25
	41.21
	
	21.00
	253.00
	185.90
	51.44

	EC1-P
	1.72
	11.89
	5.86
	1.94
	
	2.76
	11.89
	6.45
	1.95
	
	1.72
	10.23
	4.94
	1.72
	
	2.26
	9.87
	6.11
	1.72

	EC2-H
	0.00
	150.00
	45.99
	31.18
	
	0.00
	125.00
	52.08
	33.88
	
	0.00
	150.00
	39.58
	26.61
	
	0.00
	109.00
	44.11
	30.44

	EC2-S
	0.00
	210.00
	48.18
	48.84
	
	1.00
	210.00
	46.36
	50.58
	
	1.00
	171.00
	52.12
	45.77
	
	0.00
	197.00
	45.80
	50.24

	EC2-B
	22.00
	253.00
	203.90
	37.50
	
	22.00
	252.00
	200.74
	42.40
	
	123.00
	252.00
	210.74
	26.28
	
	48.00
	253.00
	199.74
	40.78

	EC2-P
	0.61
	10.23
	4.15
	1.79
	
	0.61
	10.23
	4.49
	2.00
	
	0.80
	7.92
	3.44
	1.31
	
	1.02
	8.34
	4.54
	1.69

	FD
	1.34
	1.85
	1.67
	0.09
	
	1.34
	1.85
	1.67
	0.09
	
	1.37
	1.84
	1.68
	0.09
	
	1.41
	1.79
	1.64
	0.09
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Supplementary Figure captions
Supplementary Figure 1. Workflow of image semantic segmentation based on SegNet.
Supplementary Figure 2. Comparison of semantic segmentation results across different models on Chinese classical private garden scenes.
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