"""
基于随机森林模型的合肥市工业分布与空气质量关联性预测
"""

import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
from datetime import datetime, timedelta
import warnings
warnings.filterwarnings('ignore')

# 地理空间处理
from shapely.geometry import Point
import geopandas as gpd

# 机器学习
from sklearn.ensemble import RandomForestRegressor
from sklearn.model_selection import TimeSeriesSplit, GridSearchCV, train_test_split
from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score
from sklearn.preprocessing import StandardScaler
from sklearn.inspection import partial_dependence

# 设置中文显示
plt.rcParams['font.sans-serif'] = ['SimHei', 'Microsoft YaHei', 'DejaVu Sans']
plt.rcParams['axes.unicode_minus'] = False

print("=" * 60)
print("合肥市工业分布与空气质量关联性预测系统")
print("=" * 60)
print("所有依赖库导入成功！")


# ==================== 第一部分：数据生成与模拟 ====================
# 注：由于实际数据需要从安徽省生态环境厅网站获取，此处生成模拟数据用于验证代码逻辑
# 实际使用时，将数据加载部分替换为真实数据读取即可

def generate_mock_data():
    """生成模拟数据用于测试（实际使用时替换为真实数据加载）"""
    np.random.seed(42)
    
    # 1. 合肥市10个国控监测站点信息（基于实际站点分布）
    sites = {
        'site_id': ['S01', 'S02', 'S03', 'S04', 'S05', 'S06', 'S07', 'S08', 'S09', 'S10'],
        'site_name': ['瑶海区', '庐阳区', '蜀山区', '包河区', '经开区', '高新区', 
                      '新站区', '滨湖区', '肥东县', '肥西县'],
        'lon': [117.31, 117.27, 117.23, 117.30, 117.22, 117.14, 
                117.35, 117.33, 117.42, 117.17],
        'lat': [31.87, 31.88, 31.85, 31.81, 31.78, 31.83, 
                31.92, 31.71, 31.88, 31.78],
        'industrial_level': ['高', '中', '低', '中', '高', '低', '中', '低', '高', '中']
    }
    sites_df = pd.DataFrame(sites)
    
    # 2. 时间范围：2023年1月1日 - 2025年12月31日（3年）
    dates = pd.date_range(start='2023-01-01', end='2025-12-31', freq='D')
    
    # 3. 生成各站点的空气质量数据
    records = []
    for _, site in sites_df.iterrows():
        for date in dates:
            # 季节因素
            month = date.month
            if month in [12, 1, 2]:
                seasonal_factor = 1.5  # 冬季污染较重
            elif month in [6, 7, 8]:
                seasonal_factor = 0.6  # 夏季污染较轻
            else:
                seasonal_factor = 1.0
            
            # 工业水平影响
            ind_factor = {'高': 1.4, '中': 1.0, '低': 0.7}[site['industrial_level']]
            
            # 随机噪声
            noise = np.random.normal(0, 5)
            
            # PM2.5浓度（μg/m³）
            pm25 = max(10, 35 * seasonal_factor * ind_factor + noise)
            
            # PM10浓度
            pm10 = pm25 * np.random.uniform(1.2, 1.8)
            
            # NO2浓度
            no2 = 20 * seasonal_factor * ind_factor + np.random.normal(0, 5)
            
            # SO2浓度
            so2 = 8 * ind_factor + np.random.normal(0, 2)
            
            # O3浓度
            o3 = 60 + 20 * (1 - seasonal_factor) + np.random.normal(0, 10)
            
            # CO浓度
            co = 0.6 * ind_factor + np.random.normal(0, 0.1)
            
            records.append({
                'site_id': site['site_id'],
                'site_name': site['site_name'],
                'date': date,
                'pm25': pm25,
                'pm10': pm10,
                'no2': no2,
                'so2': so2,
                'o3': o3,
                'co': co
            })
    
    aq_df = pd.DataFrame(records)
    
    # 4. 生成气象数据
    met_records = []
    for date in dates:
        month = date.month
        # 温度
        temp = 10 + 15 * np.sin((month - 4) / 12 * 2 * np.pi) + np.random.normal(0, 3)
        # 相对湿度
        rh = 60 + 20 * np.sin((month - 6) / 12 * 2 * np.pi) + np.random.normal(0, 10)
        # 风速
        ws = 2 + np.random.exponential(1)
        # 风向
        wd = np.random.uniform(0, 360)
        # 降水量
        precip = max(0, 50 * (1 + np.sin((month - 5) / 12 * 2 * np.pi)) + np.random.normal(0, 20))
        # 边界层高度
        blh = 500 + 300 * (1 + np.sin((month - 6) / 12 * 2 * np.pi)) + np.random.normal(0, 100)
        # 气压
        pressure = 1013 + np.random.normal(0, 5)
        
        met_records.append({
            'date': date,
            'temp': temp,
            'rh': rh,
            'ws': ws,
            'wd': wd,
            'precipitation': precip,
            'blh': blh,
            'pressure': pressure
        })
    
    met_df = pd.DataFrame(met_records)
    
    # 5. 生成工业企业数据
    # 基于合肥市实际产业布局：经开区（汽车、家电）、高新区（电子信息）、
    # 新站区（新型显示）、瑶海区（传统工业）、肥东县（化工、建材）
    industries = []
    industry_types = [
        {'type': '汽车制造', 'pm_emission': 15, 'so2_emission': 5, 'nox_emission': 20},
        {'type': '家电制造', 'pm_emission': 10, 'so2_emission': 3, 'nox_emission': 8},
        {'type': '电子信息', 'pm_emission': 3, 'so2_emission': 1, 'nox_emission': 2},
        {'type': '新型显示', 'pm_emission': 5, 'so2_emission': 2, 'nox_emission': 4},
        {'type': '化工', 'pm_emission': 25, 'so2_emission': 30, 'nox_emission': 25},
        {'type': '水泥建材', 'pm_emission': 40, 'so2_emission': 20, 'nox_emission': 30},
        {'type': '钢铁', 'pm_emission': 35, 'so2_emission': 25, 'nox_emission': 28},
        {'type': '装备制造', 'pm_emission': 8, 'so2_emission': 4, 'nox_emission': 6},
        {'type': '生物医药', 'pm_emission': 4, 'so2_emission': 2, 'nox_emission': 3},
        {'type': '新能源', 'pm_emission': 6, 'so2_emission': 3, 'nox_emission': 5}
    ]
    
    # 定义各区域的产业分布
    zone_industries = {
        '瑶海区': ['化工', '钢铁', '水泥建材', '装备制造'],
        '经开区': ['汽车制造', '家电制造', '装备制造', '新能源'],
        '高新区': ['电子信息', '生物医药', '新能源'],
        '新站区': ['新型显示', '电子信息'],
        '肥东县': ['化工', '水泥建材'],
        '肥西县': ['汽车制造', '家电制造'],
        '庐阳区': ['电子信息', '装备制造'],
        '蜀山区': ['生物医药', '新能源'],
        '包河区': ['汽车制造', '家电制造'],
        '滨湖区': ['电子信息']
    }
    
    industry_id = 1
    for zone, ind_types in zone_industries.items():
        for ind_type in ind_types:
            # 每个类型生成多个企业
            n_firms = np.random.randint(3, 10)
            type_info = next(t for t in industry_types if t['type'] == ind_type)
            
            # 区域内随机分布
            zone_lon = sites_df[sites_df['site_name'] == zone]['lon'].values[0] if zone in sites_df['site_name'].values else 117.3
            zone_lat = sites_df[sites_df['site_name'] == zone]['lat'].values[0] if zone in sites_df['site_name'].values else 31.8
            
            for _ in range(n_firms):
                lon_offset = np.random.uniform(-0.05, 0.05)
                lat_offset = np.random.uniform(-0.05, 0.05)
                industries.append({
                    'industry_id': f'IND_{industry_id:04d}',
                    'name': f'{zone}{ind_type}厂_{industry_id}',
                    'type': ind_type,
                    'zone': zone,
                    'lon': zone_lon + lon_offset,
                    'lat': zone_lat + lat_offset,
                    'pm_emission': type_info['pm_emission'] * np.random.uniform(0.8, 1.2),
                    'so2_emission': type_info['so2_emission'] * np.random.uniform(0.8, 1.2),
                    'nox_emission': type_info['nox_emission'] * np.random.uniform(0.8, 1.2),
                    'scale': np.random.choice(['大', '中', '小'], p=[0.2, 0.4, 0.4])
                })
                industry_id += 1
    
    industry_df = pd.DataFrame(industries)
    
    print(f"模拟数据生成完成！")
    print(f"  - 监测站点: {len(sites_df)}个")
    print(f"  - 空气质量记录: {len(aq_df):,}条")
    print(f"  - 气象记录: {len(met_df):,}条")
    print(f"  - 工业企业: {len(industry_df)}家")
    
    return sites_df, aq_df, met_df, industry_df


# ==================== 第二部分：空间缓冲区分析 ====================

def calculate_buffer_features(sites_df, industry_df, radii=[3, 5, 10]):
    """
    以监测站点为中心，计算不同半径缓冲区内的工业特征
    参数:
        radii: 缓冲区半径列表（单位：km）
    """
    # 创建GeoDataFrame
    site_gdf = gpd.GeoDataFrame(
        sites_df, 
        geometry=gpd.points_from_xy(sites_df.lon, sites_df.lat),
        crs='EPSG:4326'
    )
    
    industry_gdf = gpd.GeoDataFrame(
        industry_df,
        geometry=gpd.points_from_xy(industry_df.lon, industry_df.lat),
        crs='EPSG:4326'
    )
    
    # 转换为投影坐标系（用于距离计算）
    site_gdf_proj = site_gdf.to_crs('EPSG:3857')
    industry_gdf_proj = industry_gdf.to_crs('EPSG:3857')
    
    buffer_features = []
    
    for idx, site in site_gdf_proj.iterrows():
        site_id = site['site_id']
        site_name = site['site_name']
        site_point = site['geometry']
        
        row_dict = {
            'site_id': site_id,
            'site_name': site_name,
            'lon': sites_df.loc[idx, 'lon'],
            'lat': sites_df.loc[idx, 'lat']
        }
        
        for r in radii:
            r_meters = r * 1000  # 转换为米
            buffer = site_point.buffer(r_meters)
            
            # 选择缓冲区内的工业企业
            industries_in_buffer = industry_gdf_proj[industry_gdf_proj.intersects(buffer)]
            
            if len(industries_in_buffer) > 0:
                # 计算工业密度（企业数量）
                row_dict[f'ind_count_{r}km'] = len(industries_in_buffer)
                
                # 计算排放总量
                row_dict[f'pm_emission_{r}km'] = industries_in_buffer['pm_emission'].sum()
                row_dict[f'so2_emission_{r}km'] = industries_in_buffer['so2_emission'].sum()
                row_dict[f'nox_emission_{r}km'] = industries_in_buffer['nox_emission'].sum()
                
                # 计算平均距离（空间聚集度）
                distances = [site_point.distance(ind.geometry) for ind in industries_in_buffer.itertuples()]
                row_dict[f'avg_distance_{r}km'] = np.mean(distances) / 1000  # 转换为km
                row_dict[f'min_distance_{r}km'] = np.min(distances) / 1000
                
                # 按行业类型统计（重污染行业：化工、钢铁、水泥建材）
                heavy_inds = industries_in_buffer[
                    industries_in_buffer['type'].isin(['化工', '钢铁', '水泥建材'])
                ]
                row_dict[f'heavy_ind_count_{r}km'] = len(heavy_inds)
                row_dict[f'heavy_pm_emission_{r}km'] = heavy_inds['pm_emission'].sum() if len(heavy_inds) > 0 else 0
                
                # 按企业规模统计
                large_inds = industries_in_buffer[industries_in_buffer['scale'] == '大']
                row_dict[f'large_ind_count_{r}km'] = len(large_inds)
            else:
                row_dict[f'ind_count_{r}km'] = 0
                row_dict[f'pm_emission_{r}km'] = 0
                row_dict[f'so2_emission_{r}km'] = 0
                row_dict[f'nox_emission_{r}km'] = 0
                row_dict[f'avg_distance_{r}km'] = r * 1.5  # 超出范围
                row_dict[f'min_distance_{r}km'] = r
                row_dict[f'heavy_ind_count_{r}km'] = 0
                row_dict[f'heavy_pm_emission_{r}km'] = 0
                row_dict[f'large_ind_count_{r}km'] = 0
        
        buffer_features.append(row_dict)
    
    buffer_df = pd.DataFrame(buffer_features)
    print(f"缓冲区特征计算完成！共生成{len(buffer_df.columns)-4}个工业特征")
    
    return buffer_df


# ==================== 第三部分：数据融合与特征工程 ====================

def merge_data(aq_df, met_df, buffer_df):
    """
    融合空气质量、气象和工业缓冲区特征数据
    """
    # 合并空气质量与气象数据
    merged = pd.merge(aq_df, met_df, on='date', how='left')
    
    # 合并工业缓冲区特征
    merged = pd.merge(merged, buffer_df[['site_id'] + [c for c in buffer_df.columns if c not in ['site_name', 'lon', 'lat']]], 
                      on='site_id', how='left')
    
    # 时间特征提取
    merged['year'] = pd.to_datetime(merged['date']).dt.year
    merged['month'] = pd.to_datetime(merged['date']).dt.month
    merged['day_of_year'] = pd.to_datetime(merged['date']).dt.dayofyear
    merged['weekday'] = pd.to_datetime(merged['date']).dt.weekday
    merged['is_weekend'] = (merged['weekday'] >= 5).astype(int)
    
    # 季节特征
    def get_season(month):
        if month in [3, 4, 5]:
            return 'spring'
        elif month in [6, 7, 8]:
            return 'summer'
        elif month in [9, 10, 11]:
            return 'autumn'
        else:
            return 'winter'
    
    merged['season'] = merged['month'].apply(get_season)
    
    # 风向处理：转换为sin和cos分量
    merged['wd_sin'] = np.sin(np.deg2rad(merged['wd']))
    merged['wd_cos'] = np.cos(np.deg2rad(merged['wd']))
    
    # 滞后特征（时间序列自相关性）
    for lag in [1, 3, 7, 14, 30]:
        merged[f'pm25_lag{lag}d'] = merged.groupby('site_id')['pm25'].shift(lag)
        merged[f'pm10_lag{lag}d'] = merged.groupby('site_id')['pm10'].shift(lag)
    
    # 滚动统计特征
    for window in [7, 14, 30]:
        merged[f'pm25_rolling_mean_{window}d'] = merged.groupby('site_id')['pm25'].transform(
            lambda x: x.rolling(window, min_periods=1).mean()
        )
    
    # 删除缺失值（主要由滞后特征引起）
    merged = merged.dropna()
    
    print(f"数据融合完成！最终数据集大小: {len(merged)}条记录")
    print(f"特征总数: {len(merged.columns)}")
    
    return merged


# ==================== 第四部分：随机森林模型构建与训练 ====================

def prepare_features(df):
    """准备模型输入特征和目标变量"""
    
    # 定义特征列
    feature_cols = [
        # 气象特征
        'temp', 'rh', 'ws', 'precipitation', 'blh', 'pressure', 'wd_sin', 'wd_cos',
        # 时间特征
        'month', 'day_of_year', 'weekday', 'is_weekend',
        # 工业特征（3km缓冲区为核心影响区）
        'ind_count_3km', 'pm_emission_3km', 'so2_emission_3km', 'nox_emission_3km',
        'avg_distance_3km', 'min_distance_3km', 'heavy_ind_count_3km', 'heavy_pm_emission_3km',
        # 5km缓冲区（次要影响区）
        'ind_count_5km', 'pm_emission_5km', 'heavy_ind_count_5km',
        # 滞后特征
        'pm25_lag1d', 'pm25_lag3d', 'pm25_lag7d',
        # 滚动统计
        'pm25_rolling_mean_7d'
    ]
    
    # 确保所有特征都存在
    available_cols = [col for col in feature_cols if col in df.columns]
    X = df[available_cols]
    y = df['pm25']
    
    print(f"特征数量: {len(available_cols)}")
    print(f"特征列表: {available_cols}")
    
    return X, y, available_cols


def build_random_forest_model(X_train, y_train, X_test, y_test):
    """构建、训练和评估随机森林模型"""
    
    # 特征标准化
    scaler = StandardScaler()
    X_train_scaled = scaler.fit_transform(X_train)
    X_test_scaled = scaler.transform(X_test)
    
    # 基础随机森林模型
    rf_base = RandomForestRegressor(
        n_estimators=100,
        max_depth=15,
        min_samples_split=5,
        min_samples_leaf=2,
        random_state=42,
        n_jobs=-1
    )
    
    print("\n训练基础随机森林模型...")
    rf_base.fit(X_train_scaled, y_train)
    
    # 预测
    y_train_pred = rf_base.predict(X_train_scaled)
    y_test_pred = rf_base.predict(X_test_scaled)
    
    # 评估
    train_rmse = np.sqrt(mean_squared_error(y_train, y_train_pred))
    test_rmse = np.sqrt(mean_squared_error(y_test, y_test_pred))
    train_mae = mean_absolute_error(y_train, y_train_pred)
    test_mae = mean_absolute_error(y_test, y_test_pred)
    train_r2 = r2_score(y_train, y_train_pred)
    test_r2 = r2_score(y_test, y_test_pred)
    
    print("\n" + "=" * 50)
    print("模型评估结果")
    print("=" * 50)
    print(f"训练集 - RMSE: {train_rmse:.2f} μg/m³, MAE: {train_mae:.2f} μg/m³, R²: {train_r2:.4f}")
    print(f"测试集 - RMSE: {test_rmse:.2f} μg/m³, MAE: {test_mae:.2f} μg/m³, R²: {test_r2:.4f}")
    print("=" * 50)
    
    return rf_base, scaler, y_train_pred, y_test_pred, test_rmse, test_r2


def hyperparameter_tuning(X_train_scaled, y_train):
    """超参数调优（使用时间序列交叉验证）"""
    
    print("\n开始超参数调优（这可能需要几分钟）...")
    
    # 参数网格
    param_grid = {
        'n_estimators': [50, 100, 200],
        'max_depth': [10, 15, 20, None],
        'min_samples_split': [5, 10],
        'min_samples_leaf': [2, 4]
    }
    
    # 时间序列交叉验证
    tscv = TimeSeriesSplit(n_splits=3)
    
    rf = RandomForestRegressor(random_state=42, n_jobs=-1)
    grid_search = GridSearchCV(
        rf, param_grid, cv=tscv, 
        scoring='neg_mean_squared_error',
        n_jobs=-1, verbose=0
    )
    
    grid_search.fit(X_train_scaled, y_train)
    
    print(f"最佳参数: {grid_search.best_params_}")
    print(f"最佳CV得分: {-grid_search.best_score_:.2f}")
    
    return grid_search.best_estimator_


# ==================== 第五部分：特征重要性分析与模型解释 ====================

def analyze_feature_importance(model, feature_names, X_train):
    """分析并可视化特征重要性"""
    
    importances = model.feature_importances_
    
    # 创建重要性DataFrame
    importance_df = pd.DataFrame({
        'feature': feature_names,
        'importance': importances
    }).sort_values('importance', ascending=False)
    
    print("\n" + "=" * 50)
    print("特征重要性排名")
    print("=" * 50)
    for i, row in importance_df.head(15).iterrows():
        print(f"{row['feature']:30s}: {row['importance']:.4f} ({row['importance']*100:.2f}%)")
    
    # 可视化
    plt.figure(figsize=(12, 8))
    top_features = importance_df.head(15)
    colors = ['#FF6B6B' if any(x in f for x in ['emission', 'count', 'heavy', 'ind_']) 
              else '#4ECDC4' for f in top_features['feature']]
    
    plt.barh(range(len(top_features)), top_features['importance'].values, color=colors)
    plt.yticks(range(len(top_features)), top_features['feature'].values)
    plt.xlabel('特征重要性', fontsize=12)
    plt.title('随机森林特征重要性分析\n（红色：工业特征，青色：其他特征）', fontsize=14)
    plt.gca().invert_yaxis()
    plt.tight_layout()
    plt.savefig('特征重要性分析.png', dpi=300, bbox_inches='tight')
    plt.show()
    
    # 计算工业特征总重要性
    industrial_features = [f for f in feature_names if any(x in f for x in 
                           ['emission', 'count', 'distance', 'ind_', 'heavy'])]
    industrial_importance = importance_df[importance_df['feature'].isin(industrial_features)]['importance'].sum()
    
    print(f"\n工业特征总重要性: {industrial_importance*100:.2f}%")
    print(f"气象特征总重要性: {(importance_df[~importance_df['feature'].isin(industrial_features)]['importance'].sum())*100:.2f}%")
    
    return importance_df


def plot_partial_dependence(model, X_train_scaled, feature_names, features_to_plot):
    """绘制部分依赖图"""
    
    fig, axes = plt.subplots(2, 2, figsize=(14, 10))
    axes = axes.flatten()
    
    for idx, feature in enumerate(features_to_plot):
        if idx >= 4:
            break
        
        # 获取特征在数组中的位置
        if feature in feature_names:
            feature_idx = feature_names.index(feature)
            
            # 计算部分依赖
            result = partial_dependence(
                model, X_train_scaled, [feature_idx],
                grid_resolution=50, kind='average'
            )
            
            ax = axes[idx]
            ax.plot(result['values'][0], result['average'][0], 'b-', linewidth=2)
            ax.fill_between(result['values'][0], 
                           result['average'][0] - result['average'][0]*0.1,
                           result['average'][0] + result['average'][0]*0.1, 
                           alpha=0.2)
            ax.set_xlabel(feature, fontsize=11)
            ax.set_ylabel('PM2.5预测浓度 (μg/m³)', fontsize=11)
            ax.set_title(f'部分依赖图: {feature}', fontsize=12)
            ax.grid(True, alpha=0.3)
    
    plt.suptitle('关键特征对PM2.5浓度的边际效应', fontsize=14)
    plt.tight_layout()
    plt.savefig('部分依赖图.png', dpi=300, bbox_inches='tight')
    plt.show()


# ==================== 第六部分：工业贡献度量化 ====================

def quantify_industrial_contribution(model, scaler, X_test, feature_names):
    """使用反事实推理量化工业特征对PM2.5的贡献"""
    
    X_test_scaled = scaler.transform(X_test)
    y_pred_original = model.predict(X_test_scaled)
    
    # 创建反事实数据集：工业特征设为0
    X_counterfactual = X_test_scaled.copy()
    for i, feat in enumerate(feature_names):
        if any(x in feat for x in ['emission', 'count', 'heavy']):
            X_counterfactual[:, i] = 0
    
    y_pred_counterfactual = model.predict(X_counterfactual)
    
    # 工业贡献
    industrial_contribution = y_pred_original - y_pred_counterfactual
    industrial_contribution_pct = (industrial_contribution / y_pred_original) * 100
    
    print("\n" + "=" * 50)
    print("工业贡献度量化结果（反事实推理）")
    print("=" * 50)
    print(f"平均工业贡献浓度: {industrial_contribution.mean():.2f} μg/m³")
    print(f"平均工业贡献比例: {industrial_contribution_pct.mean():.1f}%")
    print(f"最大工业贡献浓度: {industrial_contribution.max():.2f} μg/m³")
    print(f"最小工业贡献浓度: {industrial_contribution.min():.2f} μg/m³")
    print(f"工业贡献 > 10μg/m³ 的样本占比: {(industrial_contribution > 10).mean()*100:.1f}%")
    print("=" * 50)
    
    # 可视化工业贡献分布
    plt.figure(figsize=(12, 5))
    
    plt.subplot(1, 2, 1)
    plt.hist(industrial_contribution, bins=50, color='#FF6B6B', alpha=0.7, edgecolor='black')
    plt.axvline(industrial_contribution.mean(), color='red', linestyle='--', label=f'均值: {industrial_contribution.mean():.2f}')
    plt.xlabel('工业贡献浓度 (μg/m³)')
    plt.ylabel('频次')
    plt.title('工业贡献浓度分布')
    plt.legend()
    
    plt.subplot(1, 2, 2)
    plt.hist(industrial_contribution_pct, bins=50, color='#4ECDC4', alpha=0.7, edgecolor='black')
    plt.axvline(industrial_contribution_pct.mean(), color='blue', linestyle='--', label=f'均值: {industrial_contribution_pct.mean():.1f}%')
    plt.xlabel('工业贡献比例 (%)')
    plt.ylabel('频次')
    plt.title('工业贡献比例分布')
    plt.legend()
    
    plt.tight_layout()
    plt.savefig('工业贡献分布.png', dpi=300, bbox_inches='tight')
    plt.show()
    
    return industrial_contribution, industrial_contribution_pct


def spatial_contribution_analysis(model, scaler, X_test, feature_names, merged_test):
    """空间贡献分析：不同站点的工业贡献差异"""
    
    X_test_scaled = scaler.transform(X_test)
    y_pred_original = model.predict(X_test_scaled)
    
    # 反事实预测
    X_counterfactual = X_test_scaled.copy()
    for i, feat in enumerate(feature_names):
        if any(x in feat for x in ['emission', 'count', 'heavy']):
            X_counterfactual[:, i] = 0
    
    y_pred_counterfactual = model.predict(X_counterfactual)
    contributions = y_pred_original - y_pred_counterfactual
    
    # 按站点聚合
    site_contributions = merged_test[['site_id', 'site_name']].copy()
    site_contributions['contribution'] = contributions
    
    site_avg_contrib = site_contributions.groupby(['site_id', 'site_name'])['contribution'].agg(['mean', 'std']).reset_index()
    site_avg_contrib.columns = ['site_id', 'site_name', 'mean_contribution', 'std_contribution']
    site_avg_contrib = site_avg_contrib.sort_values('mean_contribution', ascending=False)
    
    print("\n" + "=" * 50)
    print("各监测站点工业贡献分析")
    print("=" * 50)
    for _, row in site_avg_contrib.iterrows():
        print(f"{row['site_name']:8s}: {row['mean_contribution']:.2f} ± {row['std_contribution']:.2f} μg/m³")
    
    # 可视化
    plt.figure(figsize=(12, 6))
    bars = plt.bar(site_avg_contrib['site_name'], site_avg_contrib['mean_contribution'], 
                   color=['#FF6B6B' if i<3 else '#4ECDC4' for i in range(len(site_avg_contrib))])
    plt.errorbar(range(len(site_avg_contrib)), site_avg_contrib['mean_contribution'], 
                 yerr=site_avg_contrib['std_contribution'], fmt='none', color='black', capsize=5)
    plt.xlabel('监测站点', fontsize=12)
    plt.ylabel('工业贡献浓度 (μg/m³)', fontsize=12)
    plt.title('各监测站点PM2.5中工业源的平均贡献', fontsize=14)
    plt.xticks(rotation=45)
    plt.tight_layout()
    plt.savefig('站点工业贡献分析.png', dpi=300, bbox_inches='tight')
    plt.show()
    
    return site_avg_contrib


# ==================== 第七部分：情景模拟 ====================

def scenario_simulation(model, scaler, X_test, feature_names, merged_test):
    """情景模拟：预测不同政策情景下的空气质量变化"""
    
    X_test_scaled = scaler.transform(X_test)
    y_pred_base = model.predict(X_test_scaled)
    
    scenarios = {
        '情景1_重污染企业深度治理': {
            'desc': '将重污染行业（化工、钢铁、水泥）的PM排放削减50%',
            'adjustment': {f: lambda x, fname=f: x * 0.5 if 'heavy_pm_emission' in fname else x}
        },
        '情景2_污染企业搬迁': {
            'desc': '将3km缓冲区内的重污染企业全部迁出（排放设为0）',
            'adjustment': {f: lambda x, fname=f: 0 if 'heavy' in fname and 'emission' in fname else x}
        },
        '情景3_清洁生产改造': {
            'desc': '所有工业企业单位产值排放降低30%',
            'adjustment': {f: lambda x, fname=f: x * 0.7 if 'emission' in fname else x}
        },
        '情景4_产业结构优化': {
            'desc': '大力发展低污染产业，重污染企业占比降低50%',
            'adjustment': {f: lambda x, fname=f: x * 0.5 if 'heavy' in fname else x}
        },
        '情景5_综合情景': {
            'desc': '重污染企业治理 + 部分搬迁 + 清洁生产改造',
            'adjustment': {f: lambda x, fname=f: 
                          0 if 'heavy' in fname and 'emission' in fname 
                          else (x * 0.6 if 'emission' in fname else x)}
        }
    }
    
    results = []
    
    for scenario_name, scenario_info in scenarios.items():
        X_scenario = X_test_scaled.copy()
        
        for i, feat in enumerate(feature_names):
            for pattern, adjust_func in scenario_info['adjustment'].items():
                if pattern in feat:
                    X_scenario[:, i] = adjust_func(X_scenario[:, i], feat)
        
        y_pred_scenario = model.predict(X_scenario)
        delta = y_pred_scenario - y_pred_base
        delta_pct = (delta / y_pred_base) * 100
        
        results.append({
            '情景名称': scenario_name,
            '描述': scenario_info['desc'],
            'PM2.5平均变化(μg/m³)': delta.mean(),
            'PM2.5平均变化(%)': delta_pct.mean(),
            'PM2.5最大降低(μg/m³)': delta.min(),  # 负值为降低
            '改善样本占比(%)': (delta < 0).mean() * 100
        })
    
    results_df = pd.DataFrame(results)
    results_df = results_df.sort_values('PM2.5平均变化(μg/m³)', ascending=True)
    results_df['减排效果排名'] = range(1, len(results_df) + 1)
    
    print("\n" + "=" * 70)
    print("情景模拟结果汇总")
    print("=" * 70)
    print(results_df.to_string(index=False))
    print("=" * 70)
    
   
